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ABSTRACT

In healthcare, delivering high quality care to the patients typically requires significant
investment in supply chain management systems. Inventory management is an important part of
any supply chain system. Researchers have indicated great potential for optimizing existing
healthcare inventory systems, especially within hospitals. With ever changing needs, product
prices and policies, managing inventory of products in hospitals becomes difficult. As time
progresses, the inventory policies of products become sub-optimal. In this research, we study
multiple echelons of a hospital supply chain considering the distributors, to address the need for
an efficient and effective hospital inventory management system. We propose a method consisting
of two components: (1) system design and optimization; and (2) system monitoring, evaluation,
and forecasting. The system design and optimization methodology includes a sim-heuristic
approach where optimization of inventory levels and hospital operations is considered. As time
evolves, to monitor the relevant system performance measures over time, control-chart like
methods are used. When significant deviations in system performance occur, a re-evaluation of the
inventory decision variables and/or system operations is conducted to maintain an efficient
inventory system. A hierarchical procedure is used to determine the extent of evaluation of the
system. Experimental results are presented to demonstrate the effectiveness of this methodology.
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1. Introduction
Healthcare expenditures in the United States reached $3.3 trillion in the year 2016, more than
ten times the $256 billion spent in 1980 (CMS, 2017). Various reports indicate that supply chain
costs in a hospital contribute between 25 – 40% of the total healthcare expenditures (Conway,
2011; McKone-Sweet, Hamilton, & Willis, 2005). Supply chain expenses in hospitals are large
and growing fast, which makes it a necessary cost to be monitored continuously and actively
managed (Conway, 2011). Studies suggest that optimizing demand management, inventory
management, and order management may facilitate significant supply chain cost savings in
hospitals (Chandra & Kachhal, 2004; Darling & Wise, 2010) . For the healthcare sector in general,
inventory accumulation and obsolescence of products are high, when compared to the industrial
sector (Ebel, Shah, Larsen, George, & Ungerman, 2013). Inventory accumulation and
obsolescence of products are partly the reasons for the high expenses of hospital supply chains.
Since the primary focus in any hospital is towards the delivery of patient care, streamlining
inventory of a diverse set of products is rarely prioritized. Hence while maintaining the quality of
care given to patients, exercising control over the purchase and monitoring inventory levels of
each product within a hospital can help in saving supply chain related costs. In this thesis, existing
inventory management systems in a hospital are analyzed, and a new systems approach is designed
and developed to deliver quality patient care in terms of inventory service level while attempting
to minimize system cost over time.
A typical healthcare supply chain consists of multiple suppliers, manufacturers, distributors, a
central storage location in the hospital, care units, and patients. The diagram in Figure 1 represents
an overview of a healthcare supply chain. Suppliers of raw materials are upstream and form the
first echelon. Manufacturers are the second and sell their products to distributors. Distributors
maintain inventories of diverse set of products from different manufacturers. Distributors have
1

contracts or get purchase orders from hospitals where small inventories of products are stored for
use in multiple hospital units. Healthcare supply chain involves a continuous flow of information,
products, and capital between different stakeholders. Co-ordination between stakeholders is a
critical component in the supply chain, which enables delivery of quality patient care. Hence,
healthcare supply chain is a multi-echelon network, interconnected with different people and
organizations, working together to provide high-quality patient care.

Figure 1 Healthcare supply chain stakeholders
Figure 2 represents the system components of interest in this research including distributors,
hospital central storage, care units and patients. Depending upon factors such as patient volumes,
type of contract with distributors, delivery location and hospital size, a hospital may decide
whether to include a product in a central storage location or not. In a hospital where the inventory
2

of products is stored in a central storage location, independent demands of each hospital care units
for different products are fulfilled. A hospital is typically comprised of care units for patient
treatment. Units are often designed for grouping patients based on the types of treatment, the
severity of the treatment, type of diagnosis and safety. Each time a unit needs to replenish its
inventory of a product, central storage fills the need. Demand flows upstream, while the products
flow downstream and are ultimately administered to patients. The decision about placing an order
for a product in the unit is typically made based on established criteria or rules such as a re-order
point. This process repeats itself in each echelon of the supply chain.

Figure 2 System components of interest in this research with inventory decision flow
The hospital supply chain should also be one that meets the seven principles of the supply
chain by delivering “the right product for the right customer, in the right quantity and the right
condition, at the right place, at the right time, at the right cost” (Anderson, Britt, & Favre, 2007).
An efficient healthcare supply chain would be the one in which nearly all the patient demand for
products will be met on time without any delay, by maintaining minimum levels of inventory in
the system.
3

Efficiently managed inventory in hospitals would balance the ordering costs and holding costs.
The cost of ordering may include a fixed price for placing the order, wages of the clerical personnel
at the hospital, transportation costs, labor costs for inspection, labor cost for moving the products
to central storage once they have been received at the hospital and other costs that vary between
different distributors. The holding cost includes the opportunity cost (money tied up in inventory),
the cost for storage space (rent, utilities), inventory risk cost (insurance, obsolescence, theft) and
other miscellaneous costs that depend on the amount of inventory on hand. Service level in a
hospital is the proportion of demand met on time. If there is a stock out, then usually a penalty cost
is associated with the unmet demand. Penalty cost represents the cost of expedited freight. The
stochastic demands and variable delivery leadtimes for diverse set of products in healthcare makes
inventory management a complex task.
A hospital inventory system operates under the dynamic and stochastic setting of demand and
variable delivery leadtimes. Demand for products in the system depends on the number of patients,
their medical condition over the length of stay and the duration they get the necessary treatment.
The condition of each patient, patient mix in the system and their length of stay are highly
unpredictable and change with the passage of time. In addition to the variability in demands, the
delays in the delivery of products from distributor to central storage and from central storage to
the care units increases the risk of product unavailability. This would require expedited delivery
from the distributor, which incurs an additional cost. So generally, hospitals tend to carry higher
inventory levels of products to succeed in dealing with the demand stochasticity and avoid higher
system costs. Because of such inventory practices, there is a risk of products being wasted due to
expiration and obsolescence.
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1.1. Inventory Management Concept
The concept of Economic Order Quantity (EOQ) explains the quantity to order or produce
based on the annual demand, holding cost per unit and ordering cost per order placed (Harris,
1913). EOQ establishes the order quantities to minimize the total cost on the system by balancing
the holding and ordering costs. The EOQ serves the purpose of optimality in costs, without any
consideration on service level when demand rate and leadtime for delivery of items are constant.
However, system demands and delivery leadtimes of products vary around an expected value.
Figure 3 represents the ordering and replenishment cycles of a single product under varying
demand and delivery leadtime.

Figure 3 Inventory control model for a product with varying demand and leadtime at care unit
As shown in Figure 3, the inventory of the product depletes with respect to varying rate of
demand and leadtime. When the level of inventory reaches the reorder level (𝑟), an order (𝑄) is
placed to the distributor of the product upstream. The reorder level (𝑟) of the product is calculated
based on the expected demand for the product over the time required to deliver the products after
an order is placed. Order quantities (𝑄) are decided based on the demand, ordering costs and the
holding costs of the product, which minimizes the system costs. Deciding the re-order level and
the order quantities for a product with stochastic demand and variable delivery leadtime is a
5

complex task. The deviations in demand and delivery leadtime must be taken into consideration
before deciding the parameters.
The inventory of a product in a care unit depletes continuously each day as shown in Figure 3.
If the inventory level of the same product is monitored at the central storage, the inventory level
will remain constant over a period of time. On filling the orders received, the inventory level is
reduced by an amount equal to the quantity ordered by the units as shown in Figure 4. There are
situations when multiple care units order the same product at the same time giving rise to a lumpy
demand. The central storage might run out of product inventory when a lumpy demand occurs.

Figure 4 Inventory model for a product with varying demand and leadtime at central storage
Under stable operating conditions, the inventory expenditure for the system would remain at a
constant expected value; that is, an established method is used to design the inventory policies of
products in the system and if the conditions do not change over time, the average system cost
would remain the same with some variability as shown in Figure 5. However, as time evolves
factors like variations in demand, variations in leadtime, introduction of new products, inefficiency
in the inventory policies and operational decisions will render the hospital supply chain system
inefficient. The increase in costs are due to inefficiency where the operational decisions create an
imbalance between ordering costs and carrying costs.

6

System Cost

Time
Cost under constant conditions
Cost under dynamic condition resulting in inefficiencies
Figure 5 A depiction of cost due to inefficiencies in the internal supply chain within a hospital
Research has shown that maintaining up to date inventory parameters helps to improve
performance of hospital supply chains (Landry & Philippe, 2004). Integration of different logistics
activities that are internal to the hospital, introduces new avenues of efficiencies and impacts the
quality of care offered. Hence, for maintaining an efficient system over time, monitoring and
tracking different key performance measures for products individually and holistically becomes
important. The metrics being monitored continuously may be used as a reference to make any
decisions by identifying root cause for the change. Forecasting the metrics being monitored
facilitates starting all the necessary activities that support the changes ahead of time.
In this section, an understanding of healthcare supply chain is developed. A discussion on how
an optimal ordering policy used across a set of products results in sub-optimal performance of the
system is provided. Furthermore, a concept for monitoring and evaluating the system is discussed
to maintain system performance and address the variations in the system with the passage of time.
In the sections to follow, an adaptive approach for hospital supply chain system is described that
makes use of a combination of forecasting and statistical process control chart like techniques to
monitor, evaluate and configure the inventory system continuously.
7

2. Problem Statement
As discussed in the introduction, supply chain optimization has a significant effect on the
performance and cost of operations in any industry. Supply chain optimization in hospital involves
analyzing the current system conditions when establishing an optimized inventory policy.
Variations in demand, delivery leadtimes and storage space availability are some of the system
conditions that are analyzed before establishing the inventory policies. However, the system
conditions are bound to change with time. This research investigates the variations in the
performance arising due to the system dynamics and their impact on supply chain optimization
decisions.
As time evolves, the policies planned for the supply chain system at one point in time do not
stay optimal, resulting in inefficiencies. Thus, the system requires re-evaluation. Evaluating the
system frequently results in high evaluation cost, while late evaluation will give rise to high
inefficiency costs. Hence, identifying the point in time for optimization plays a pivotal role in
keeping the costs down. Optimization of operations could include changes in the schedule of
personnel, hiring people to accommodate any additional requirements. Optimization of inventory
policies is a complex task. To optimize existing policies, variations in system parameters are
analyzed, what-if scenarios are examined and a plan for implementing changes in the storage area
are developed. At the same time, the policies need not necessarily be changed for the entire system,
since the sub-optimality might be limited to a group of products, a single location, or a group of
locations. Evaluating the supply chain policy for the entire system would incur a higher cost than
the evaluation of a product, or unit, or group of units. Thus, evaluating at the right point, to the
right extent on time would save time, money and effort.
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Through this research, we aim to determine points in time at which it would be advantageous
to evaluate the inventory policies and operational decisions of a hospital supply chain system and
identify the extent to which the evaluation should be made, to facilitate effective and efficient
supply chain system with respect to service level and system costs. The evaluation ensures that the
supply chain system remains near optimal over time and adapts to the variations as time progresses.
The primary objectives of this thesis can be summarized as follows:
1. Investigate techniques that have the capability to monitor and predict system metrics over time
for effective and efficient system management;
2. Design and develop monitoring system approach to identify and decide the extent of evaluation
required in a hospital supply chain system to maintain system efficiency;
3. Re-evaluate the inventory policies to the extent identified using established methods; and
4. Conduct a simulation-based experimental performance evaluation of the system evaluation and
prediction methods, to determine their capabilities and limitations.
This research work could lead to the following benefits in healthcare supply chain systems:
1. Maintain desired service levels associated with the delivery of patient care;
2. Maintain efficient levels of inventory;
3. Efficiently adapt to changes in supply chain including changes to demand, product costs,
inventory ordering and carrying costs and changes in leadtimes;
4. Utilize system tracking to identify assignable causes of changes in system performance and
take corrective action as needed; and
5. Reduce the overall cost of inventory and supply chain operations versus the traditional
approaches.
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3. Literature Review
De Vries et al. (2011) and Varghese et al. (2012) realize the potential to save money in
healthcare supply chain and conclude that much needs to be accomplished with respect to
developing an efficient system. Studies performed on inventory management in hospitals have
been limited (Volland, Fügener, Schoenfelder, & Brunner, 2017) and hence less is known about
what is precisely being followed in practice. Existing literature has focused more on establishing
optimal inventory policies based on the system conditions at a given point in time. Dynamics of
the hospital is such that the system conditions change over time and the established inventory
policies require re-evaluation after a certain period of time.
Lapierre & Ruiz (2007) present an innovative approach to solve multi-item inventory
replenishment problem in a hospital. The model emphasizes on scheduling decisions for inventory
purchase and operations, instead of focusing on inventory decisions. Their approach uses a tabu
search meta-heuristic to solve a non-linear mixed-integer problem. However, the demand for
products in the system is assumed to be deterministic and known.
Bijvank and Vis (2012), develop two inventory models that consider the lost sales and limited
storage capacity in a hospital. The (𝑅, 𝑠, 𝑄) policy is a fixed order quantity that provides a more
insightful process for replenishment of products in which an order of quantity 𝑄 is placed when
the inventory falls below re-order level s during a periodic review after R time periods. However,
the (𝑅, 𝑠, 𝑆) policy results in the more efficient use of the storage capacity in which an order placed
does not exceed the maximum inventory level S when the level of products falls below re-order
level s during a periodic review after R time periods. According to the authors, both the inventory
models are quite common in hospitals and perform equally regarding required service levels to be
maintained. The scope of the research is limited to establishing the policies at point of use location
only and interaction of the policies with central storage parameters is discussed as a future area of
10

research. The parameters of the both the models would require a re-evaluation when the system
conditions have changed enough that the performance is not optimal.
The majority of the literature available on inventory theory cannot be used in a hospital setting,
since they are backorder models. A study suggests that the dynamics of hospital supply chain
systems are similar to the functioning of fast-moving consumer goods (FMCG) industries (Ebel et
al., 2013). The setup of hospital inventory systems is similar to spare part inventories for
production in industrial plants (Danas, Roudsari, & Ketikidis, 2006).
An iterative heuristic optimization algorithm capable of generating the inventory policy of
4000 items in a system for each echelon was developed by Al-Rifai and Rossetti (2007). The
algorithm is efficient in cases where the leadtimes are fixed and demands are backordered.
However, in a hospital setting, only lost sales model is applicable for items at the point of use and
leadtime vary for product delivery. Karaman et al. (2009) developed an optimization model for
setting up inventory control policies at each stage of a multi-echelon system, based on the system
performance metrics like backorder levels, service levels, and average inventory level. The reorder
levels and the replenishment batch sizes for each echelon were set up for smooth material flow.
This research looks at using similar performance metrics for different system levels in the
monitoring approach for making re-evaluation decisions to maintain system efficiency.
Guerrero et al. (2013) developed an approach to determine near-optimal inventory policies in
a multi-echelon supply chain network. The approach aims to minimize the total on-hand inventory
for the entire system. The order-up-to level is higher than the reorder point while reorder points
are derived using a probability criterion. Rosales(2011), Baboli et al. (2011), Tsai et al. (2013) and
Wang et al. (2013) have also explored a heuristic approach for solving the inventory problems in
multi-echelon systems.
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Krajčovič & Plinta (2014) derived an algorithm for dynamic inventory control system
approach for the manufacturing sector to maintain an optimum inventory level based on a required
service level to keep the costs down. Based on the simulation of the future progress supply chain
requirements like reorder points, order quantities and control parameters were calculated and
reviewed continuously to maintain an optimal ratio between the value of inventory and level of
service to be provided.
3.1. Simulation in Healthcare
Simulation is a flexible tool that can be used to study the system operations and inventory
trends of multiple products under stochastic system conditions. A risk free and cost-effective tool
for system analysis, simulation requires a conceptual design of the real system to be developed.
Experiments may be run to draw conclusions based on the analysis and results. The model
developed is verified and validated before running the experiments.
Sezen (2006) applies simulation to investigate the system service level for an order-up-to
policy. The length of the review period is varied to study the changes in the service level. However,
the only provides some insights on the inventory policy and fails to propose any solution
methodology to find optimal order-up-to levels.
Kelle et al. (2012) used a simulation approach to reduce inventory expenditures for
pharmaceuticals. They were able to make a trade-off between the emergency shipments and
required service levels, to reduce the inventory cost. Gebicki et al. (2014) conducted a simulation
study that concluded making inventory decisions based on service levels, demand and cost
produced for better outcomes regarding both cost and patient safety. The author concludes that
incorporating product attributes like unit cost, criticality and availability at distributor in ordering
decisions addresses the tradeoff between patient safety and cost, thereby lowering the system cost.
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The research uses a par-level inventory system with (𝑅, 𝑆) policy but does not address when is it
appropriate to update the parameters as the conditions change.
Duan & Liao (2013), propose a metaheuristic simulation-optimization framework for highly
perishable products. They focused on reducing the product expiry rate under a maximum allowable
shortage level. The policy proposed was easy to implement with less information about inventory
age in both the centralized and decentralized type of controls for distribution. A simulation model
study to minimize inventory costs by balancing stock outs cost of different inventory levels and
the borrowing and holding costs of the medical products was conducted by Attanayake et al.
(2014). The model revealed inventory policies that would lead to low cost but did not take into
consideration the service level for the point of use of the products. Realistic operational scenarios
such as multi-echelon systems, diverse products, and multiple units within the hospital facility
were not included.
Garg and Kuhl (2017) propose a sim-heuristic approach to design an efficient multi-echelon
supply chain system to deliver products from distributor to patients at the care units. The method
uses stochastic demand and leadtimes information for products as inputs. The approach analyses
the tradeoffs between total cost and service level at the care units taking the system operations into
consideration. This research is an extension of the work by Garg and Kuhl (2017) where a dynamic
system is considered along with daily hospital operations to meet the demands over a time horizon.
Studies have shown that optimizing logistics activities that are internal to the hospital can
generate more savings and positively influence the quality of care provided (Landry & Beaulieu,
2013). Most of the approaches to the problem do describe the complex joint replenishment
problems of multiple products in a hospital but fail in determining a point in time for reviewing
the inventory policies and operational decisions. Modifying the existing mathematical models of
inventory optimization to a sim-heuristic approach that combines the performance tracking and
13

inventory optimization methods would go a long way in reducing the supply chain costs in
hospitals. Furthermore, the extent of optimization required to maintain system performance could
be identified using heuristics to reduce the cost and effort involved in analyzing the system.

14

4. Design and Methodology
In this section, system description, modeling assumptions and research methodology being
implemented are presented. System description discusses the daily operations and sequence of
activities that takes place in a prototypical hospital. Close coordination between the echelons is
necessary for effective ordering and distribution of products. A synchronized approach is
developed that considers the sequence of activities for distribution of products from distributor to
care units in a hospital. The approach is used to design a simulation model under certain
assumptions.
An adaptive supply chain methodology is designed to accomplish the goal of identifying points
in time to optimize the inventory policies and operational decisions up to a required extent. The
method is used to implement a system with optimal inventory policies and monitor key
performance metrics over time to detect significant deviations and evaluate the system to a required
extent. The research methodology is built into the hospital simulation model to make integrated
inventory and operations decisions. Finally, an experimental performance evaluation of the method
is conducted to determine its capabilities and limitations.
4.1. Hospital Supply Chain System Description
The area of interest of the healthcare supply chain in this research is comprised of three
echelons, namely: the distributors, the central storage, all the individual hospital care units, and
the point-of-use (refer to Figure 2). The methodology is developed based on the design of the
hospital supply chains. Flow of diverse set of products from distributor up to the patients, order
quantities and reorder levels at distinct storage locations and all the operational aspects in the
hospital are considered in the design. A periodic inventory review policy is assumed as discussed
by Baboli et al. (2011) and Bijvank et al. (2012). In this research, a (𝑄, 𝑟) inventory policy is
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considered without any loss of generality to study the performance of the adaptive method being
developed.
Supply chain operations in a hospital include inventory activities including placing orders for
product, receiving the orders, replenishing the product stock and reconciling the inventory. The
sequence of activities facilitates the coordination of multiple echelons as shown in Figure 6.

Fulfill daily
demands
at unit
Replenish
inventory at
care units

Review
inventory
level at units

Place orders
to central
storage

Place orders to
distributors
Fulfill orders
from the unit

Review
inventory level
at central
storage

Figure 6 Sequence of activities in supply chain operations of a hospital
Besides the task of administering the needs of patients, nurses / workers in the hospital units
also reconcile and order products from the central storage. The inventory of products in a hospital
unit is reviewed after fixed intervals of time as set by the hospital management. If the number of
products in stock is less than the re-ordering level (𝑟𝑢 ), an order (𝑄𝑢 ) is placed to the central
storage.
Upon receipt of order from unit, if the central storage has enough inventory to satisfy the order
quantity from unit, the order is fulfilled and a worker from the unit picks the product. After
16

fulfilling the order, the central storage reviews the level of inventory. If the number of products in
stock is less than the re-ordering level (𝑟𝑐𝑠 ) for the central storage, an order (𝑄𝑐𝑠 ) is placed to the
distributor. The worker in the unit refills the shelves in the unit once the product is received from
the central storage.
4.2. Modeling Assumptions
Before discussing the system modelling approach in detail, various assumptions that are
considered as a part of this research are presented. The framework developed for a hospital supply
chain system is based on the following assumptions:
1. The hospital supply chain system has a central storage, which is responsible for ordering
products to a distributor and fulfilling demands from units.
2. The hospital system consists of multiple products distributed across the units with a long
shelf life (at least one year).
3. The product demands and leadtime for delivery of products is stochastic and is assumed to
be independent of each other.
4. The distributor has abundant supply of products and hence satisfies all the orders received
for hospital central storage without backorder.
5. Daily demand for products in hospital units are assumed to be normally distributed.
6. All the activities related to inventory reconciliation, ordering and replenishment occur in
coordinated sequence as discussed in section 4.1.
7. Situations like disasters or accidents in nearby locations which might result in a sudden
rise in demands of products is not a feature of the framework.
The design of the system configuration that will be developed in the sections to follow
incorporate these assumptions

17

4.3. Adaptive Supply Chain System Framework
To achieve the objectives of this research, an adaptive supply chain framework is designed.
The framework consists of two modules: (1) system design and optimization; and (2) system
monitoring, forecasting, and evaluation. A representation of the method with a feedback loop is as
shown in Figure 7.

Figure 7 A simulation-optimization framework for hospital supply chain
The system design and optimization component uses a sim-heuristic approach as discussed
in Garg & Kuhl (2017) to optimize decision variables related to inventory policies and operations
based on the current system information. To maintain the efficiency of the system over time,
system performance metrics such as service level and cost at multiple levels are monitored through
the system monitoring module. When the performance metrics show significant deviations from
optimal values, system decision variables (order quantities, reorder points, etc.) and/or system
operations are re-evaluated to restore the efficiency of the system.
4.3.1. System Design and Optimization
The system design and optimization module perform two functions: (1) implement an optimal
system for a given design configuration; and (2) make integrated optimization decisions of
inventory policies considering the supply chain operations in the hospital.
The evaluation of inventory and operational decision variables under dynamic system
conditions is a cumbersome process and requires significant computational time. Hence, a sim18

heuristic approach is used to optimize all decision variables simultaneously. In this approach,
established inventory methods are applied to derive inventory policies. The policies thus generated
are deployed as inputs to the synchronized hospital simulation model. The simulation model
evaluates the dynamic behavior of the supply chain system and provides feedback with information
of effective system parameters. The information from the feedback is then used to develop optimal
system design for a given system configuration. After analyzing the trade-offs between the service
level and cost for alternative system configurations, an optimal solution is implemented (refer to
yellow box in Figure 8).

Figure 8 Applicability of the adaptive supply chain framework in a hospital
The operations of the system use the information from the sim-heuristic optimization module
to function. The optimal design is employed in operations and inventory policies of the products.
As the system functions over time, the inventory policies set up through the sim-heuristic module
becomes sub-optimal due to inefficiencies in the inventory policies for the system parameters at
that point of time. The system thus requires re-evaluation -i.e., optimization of inventory policies.
The optimization is carried out through the same sim-heuristic module using the current system
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parameters (refer to blue box in Figure 8). The sim-heuristic optimization module will be used
iteratively to maintain the system at a near optimal condition over time.
4.3.2. System Monitoring, Evaluation and Forecasting
The system monitoring, evaluation and forecasting module is used to track the key system
performance measures over a user defined performance review period (daily, weekly, monthly,
etc.). The monitoring system determines the point at which the system has diverged significantly
from the optimal configuration through control – chart type methods (tracking charts) to make
necessary adjustments in the system for restoring the efficiency. On identifying a re-evaluation
point, the evaluation module establishes the extent of optimization required; i.e. inventory policies
at three levels: the system, the location and the product. A representation of system monitoring,
evaluation and forecasting module is as shown in Figure 9.

Figure 9 A representation of system monitoring, evaluation and forecasting
Performance measures are monitored at each of the three levels simultaneously to maintain the
system efficiency. Threshold limits set on the tracking charts with respect to level of change that
is significant enough from the optimal values help in identifying the re-evaluation point.
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As the system functions, there will be changes to performance measures at various levels of
the system. There will be changes that are external to the control of system due to changes in
product prices, transportation costs, etc. There are changes that are due to sub-standard inventory
policies with respect to the current conditions. When any performance measure exceeds the
threshold limits, a feedback is sent to the system optimization module (refer to blue box in Figure
8) to re-evaluate the system to a desired extent. A hierarchical approach is adopted to determine
the extent of re-evaluation required for each performance review period as shown in Figure 10.
The system level performance metrics are evaluated at the top level. If the system performance
metric exceeds the threshold limit, then the decision variables for the entire system are optimized.
If the system performance metrics are within the limits, then the location level performance metrics
are evaluated. At location level performance metrics for central storage and hospital care units are
considered. If a location level performance metric exceeds the threshold limits, then the
optimization is carried out only for that location. Otherwise, the product level metrics are evaluated
for optimization of the product. This helps in saving time, money and effort, as the hierarchy of
evaluation reduces the scope of optimization, analysis required and hence reduces the complexity
of the decisions to that are required to be made. If the performance measures of all the three levels
are in control, then a forecast of the metric is provided to predict the evaluation points.
To summarize, the adaptive supply chain system framework establishes an optimal hospital
supply chain using a sim-heuristic approach and monitors and evaluates key performance
indicators such as service level and cost over time. On detecting an evaluation point, the simheuristic is iteratively employed to optimize the hospital supply chain at the required level. The
module also provides forecast of expected evaluation points to provide a sense of when the reevaluation might take place.
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Figure 10 Hierarchy of evaluation
4.3.2.1. Tracking Charts using Control Chart Methods
A control chart like method is employed to monitor (refer to Figure 8) performance metrics
such as service level and cost at various levels of the hospital system. For instance, if we were to
plot actual values of the cost monitored at the system level, it would exhibit high variability from
its mean value as shown in Figure 11. Making an evaluation decision based on an actual cost value
is not a good approach as the system might still be in an optimal state. The system evaluation will
occur early, when an optimization is not required.
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Figure 11 A plot of actual cost values at the system level
A sound approach would be to make decisions based on the average or smoothed values of the
actual cost. On smoothing the raw cost values, the variability of the data around the mean would
be reduced as shown in Figure 12. The concept of exponentially weighted moving average
(EWMA) is employed in smoothing the raw values of the cost obtained from system monitoring.

Figure 12 A plot of smoothed cost values at the system level
Exponentially weighted moving average control chart (EWMA) was developed by Allison
Jones (2002). EWMA chart detects small shifts in the variable effectively. For every period,
EWMA statistic (𝑆𝑡 ) averages the actual data (𝑋𝑡 ) by adding up the weighed values for the current
period and the exponentially weighted historical values, which helps in avoiding evaluation due to
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highly variable values from raw data. The value of the smoothing constant can be varied between
0 and 1. EWMA statistic would be the actual observation, when the value of smoothing constant
is set to 1. As discussed in the literature, smoothing constant values between 0.1 and 0.4 perform
well in practice (Montgomery, Jennings, & Kulahci, 2015). In this research, a tracking parameter
(𝜆) is used to calculate tracking statistic (𝑆𝑡 ) using the equation:
𝑆𝑡 = 𝜆𝑋𝑡 + (1 − 𝜆)𝑆𝑡−1 .

(1)

The performance metrics (service level and cost) at different levels of system for each
performance review period is used to determine their tracking statistic values. Tracking chart is
used to monitor the statistic determined. Tracking charts for multiple levels of the system are
combined to develop a monitoring and evaluation system.
4.3.2.2. Forecasting
The optimization process of operations and inventory decision variables is a time-consuming
task. Current system conditions must be analyzed, and new parameters are to be used in
determining optimal decision variables. To accommodate the time required for analysis of decision
variables, it would be beneficial if we have an idea of when the next evaluation point is expected.
The forecasting module in the adaptive framework facilitates in planning the analysis part of the
optimization process ahead of time.
A simple forecasting module is built into the research methodology to forecast the evaluation
points of the system. The level (𝑙𝑡 ) and trend (𝑏𝑡 ) component of the cost statistic is used to predict
the estimates using forecasting method developed by Holt in (1957) (see also Holt 2004). Holt’s
linear trend forecasting method is an extension of simple exponential smoothing that considers the
trend and level component of historical values. The forecasting method involves determining level
and trend corresponding to the actual values. The level and trend parameters are then used to
forecast the future performance for a given period (ℎ). The forecasting equation is given by:
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𝑋̂𝑡+ℎ = 𝑙𝑡 ± ℎ𝑏𝑡

(2)

The level and trend parameters are calculated as follows:
𝑙𝑡 = 𝛼𝑋𝑡 + (1 − 𝛼)(𝑙𝑡−1 + 𝑏𝑡−1 )

(3)

𝑏𝑡 = 𝛽(𝑙𝑡 − 𝑙𝑡−1 ) + (1 − 𝛽)𝑏𝑡−1

(4)

where,
α is the smoothing parameter for the level, such that 0 ≤ 𝛼 ≤ 1; and
β is the smoothing component for the trend, such that 0 ≤ 𝛽 ≤ 1.
The accuracy of the forecast generated is very important to identify the evaluation points. We
may calculate the accuracy of the forecast only after realizing the actual future values (𝐴𝑡 ) and
comparing them with the predicted values (𝐹𝑡 ) of all the fitted points (𝑛 ) of the data. The
performance of a forecasting method is measured using Mean Absolute Prediction Error (MAPE).
The formula for MAPE is:
1

𝐴𝑡 −𝐹𝑡

𝑛

𝐴𝑡

𝑀𝐴𝑃𝐸 = ∑𝑛𝑡=1 (|

|) ∗ 100.

(5)

MAPE is also used in establishing optimal smoothing parameters for level and trend
component. The smoothing parameters for which the MAPE on the historical cost statistic is
minimum is selected to generate the forecast. The point at which the predicted values exceed the
threshold is deemed the forecasted evaluation point.
The accuracy of the forecast depends on the cost statistic values and their variations. Estimating
the prediction intervals of the forecast provides a range of the possible values that is going to be
observed. The prediction interval explains the amount of uncertainty present in the forecast and
hence helps in making plans that support the analysis required for optimization of inventory
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policies. A wide prediction interval suggests that the variation in the historical data is high and
hence, the uncertainty must be considered for the forecast. The prediction intervals for the forecast
are determined using the formula (Hyndman & Athanasopoulos, 2018):
𝑋̂𝑡+ℎ ± 𝑍𝛼 𝜎̂ℎ

(6)

where,
𝑋̂𝑡+ℎ is the forecast for the period 𝑡 + ℎ;
𝑍𝛼 is the Z-score for the desired level of prediction interval; and
𝜎̂ℎ is the standard deviation estimate of the forecast value.
The adaptive supply chain system framework brings the evaluation heuristics, tracking charts
and forecasting module under one umbrella to make integrated decisions on inventory policies and
ensure system efficiency in a hospital. While the evaluation heuristic identifies the extent of
evaluation, optimization module is employed to update the decision variables through a simheuristic approach. The forecasting module provides predictions as to when an evaluation point
can be expected.
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4.4. Formulation of Adaptive Hospital Supply Chain Management System
In this section, a detailed discussion of all the inventory operations and re-evaluation of the
inventory policies are provided in a sequential manner. The inventory control parameters (𝑄, 𝑟)
are derived from established inventory methods (Nahmias & Olsen, 2015) for every product at
care units. Demand distribution, delivery leadtimes and various supply chain costs such as holding
costs and ordering costs of each product for the central storage and each hospital unit are the system
parameters used as inputs. For a product in any unit with demand being normally distributed with
a mean of 𝜇 and standard deviation 𝜎, with the leadtime normally distributed with a mean of 𝜇𝑡
and standard deviation 𝜎𝑡 , the reorder level 𝑟 is given by:
𝑟 = 𝜇𝜇𝑡 + 𝑍𝛼 √𝜇𝑡 𝜎 2 + 𝜇2 𝜎𝑡2

(7)

where 𝑍𝛼 is the Z-score for the desired level of safety against the variations in demand.
The safety stock is given by:
𝑆𝑆 = 𝑍𝛼 √𝜇𝑡 𝜎 2 + 𝜇2 𝜎𝑡2 .

(8)

A product usually incurs holding cost (ℎ), ordering cost (𝐾) and a penalty cost (𝑝) when the product
is unavailable. If 𝑛(𝑠) is the expected number of product shortages in a cycle, then order quantity
(𝑄) is given by:
𝑄 = √(2𝜇[𝐾 + 𝑝𝑛(𝑠)]⁄ℎ).

(9)

If a product in central storage is present in n units, then the demand (𝜇𝑐𝑠 ) is the aggregated sum of
product demands across all the units.
𝜇𝑐𝑠 = 𝜇1 + 𝜇2 … + 𝜇𝑛 .

(10)

For the standard deviation in demand (𝜎𝑐𝑠 ), the half width (𝑑) of the mean demand is derived from
the initial simulation runs and calculated as:
𝜎𝑐𝑠 = 𝑑 √𝑛/(𝑡𝛼/2 )
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(11)

where 𝑡𝛼/2 is value from student’s t-distribution for a given level of significance 𝛼.
The design and optimization module is used to analyze trade-offs between key performance
indicators like system service level and system costs incurred under optimal (𝑄, 𝑟) parameters
integrated with operations decisions for each product. Table 1 discusses the notation used.
Table 1 Notation used in the algorithm and description
Sets
𝑃 set of products 𝑝 ϵ [1,2…P]
𝐿

set of locations 𝑙 ϵ [0,1, 2…L] where 𝑙 = 0 denotes CS and 𝑙 > 0 denotes unit

𝑇

set of time periods 𝑡 ϵ [1, 2…T]

𝑅

set of performance review periods, 𝑟 ϵ [1, 2…R]

Parameters
𝑦 Duration of each performance review period
𝑘𝑝𝑙 Ordering cost of product 𝑝 at location 𝑙
ℎ𝑝𝑙 Holding cost of product 𝑝 at location 𝑙
𝑑𝑝𝑙𝑡 Demand for product 𝑝 at location 𝑙 in time 𝑡
𝜔𝑝𝑙 Emergency stock for product 𝑝 at location 𝑙
𝐼𝑝𝑙0 Initial inventory of product 𝑝 at location 𝑙
Decision Variables
𝑄𝑝𝑙𝑡 Order quantity of product 𝑝 at location 𝑙 in time 𝑡
𝑟𝑝𝑙𝑡 Reorder level of product 𝑝 at location 𝑙 in time 𝑡
Variables
𝐼𝑝𝑙𝑡 Inventory of product 𝑝 at location 𝑙 in time 𝑡
∗
𝑄𝑝𝑙𝑡
Amount of product 𝑝 on order at location 𝑙 in time 𝑡
𝐸𝑝𝑙𝑡 Emergency stock for product 𝑝 used at location 𝑙 in period 𝑡
𝐷𝑝𝑙𝑡 Demand met by product 𝑝 at location 𝑙 ϵ L: 𝑙 > 0 in period 𝑡
∗
𝐷𝑝𝑙𝑡
Demand not met by product 𝑝 at location 𝑙 ϵ L: 𝑙 > 0 in period 𝑡
𝐶𝑝𝑙𝑡 Inventory costs for product 𝑝 at location 𝑙 in period 𝑡
Operations in any unit includes meeting the product demand (𝐷𝑝𝑙𝑡 ), auditing inventory
∗
position (𝐼𝑝𝑙𝑡 + 𝑄𝑝𝑙𝑡
) of each product and placing replenishment orders to central storage after fixed

intervals of time (b). A unit places a replenishment request equal to the order quantity of the
∗
product (𝑄𝑝𝑙𝑡 ) to central storage if the inventory position (𝐼𝑝𝑙𝑡 + 𝑄𝑝𝑙𝑡
) is below reorder level (𝑟𝑝𝑙𝑡 ).
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Algorithm 1. Algorithm for ordering and monitoring costs in a hospital care unit
Event 1: for each location 𝑙 𝜖 𝐿
for each product 𝑝 𝜖 𝑃 at location 𝑙
Initialize 𝐼𝑝𝑙0 , 𝑄𝑝𝑙0 , 𝑟𝑝𝑙0
∗
∗
Set 𝑄𝑝𝑙𝑡
= 𝑄𝑝𝑙𝑡−1
− 𝑄𝑝𝑙𝑡 , 𝐶𝑝𝑙𝑡 = 0

end for
end for
while the time 𝑡 for the next event is less than the end time for planning horizon do
Event 2: Check inventory position for each product at each location
for each location 𝑙 𝜖 𝐿: 𝑙 > 0
for each product 𝑝 𝜖 P at location 𝑙
∗
if 𝐼𝑝𝑙𝑡 + 𝑄𝑝𝑙𝑡
≤ 𝑟𝑝𝑙𝑡 then
∗
∗
𝑄𝑝𝑙𝑡
= 𝑄𝑝𝑙𝑡−1
+ 𝑄𝑝𝑙𝑡

𝐶𝑝𝑙𝑡 = 𝐶𝑝𝑙𝑡−1 + 𝑘𝑝𝑙
end if
end for
end for
𝐶𝑝𝑙𝑡 = 𝐶𝑝𝑙𝑡−1 + ℎ𝑝𝑙
set the time for next event to 𝑡 + 𝑏
end while

Each replenishment request being placed to central storage incurs ordering cost (𝑘𝑝𝑙 ) on
the unit. Holding product inventory in units incurs a holding cost per unit (ℎ𝑝𝑙 ). Ordering costs
and holding costs are recorded and accumulated over each performance review period as discussed
in Algorithm 1.
In each period, total demands (𝑑𝑝𝑙𝑡 ), demands met (𝐷𝑝𝑙𝑡 ) and emergency stock used (𝐸𝑝𝑙𝑡 )
are recorded at each care unit for each product as discussed in Algorithm 2. The demands met, and
total demands information is used to calculate the service level metric in algorithm 4.
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Algorithm 2. Algorithm for updating inventory and filling patient demands in a hospital care unit
Event 2: for each location 𝑙 𝜖 𝐿: 𝑙 > 0
for each product 𝑝 𝜖 𝑃 at location 𝑙
𝐼𝑝𝑙𝑡 = 𝑀𝑎𝑥(𝐼𝑝𝑙𝑡 − 𝑑𝑝𝑙𝑡 , 0)
𝐷𝑝𝑙𝑡 = 𝑀𝑖𝑛(𝐼𝑝𝑙𝑡−1 , 𝑑𝑝𝑙𝑡 )
∗
𝐷𝑝𝑙𝑡
= 𝑀𝑎𝑥(𝑑𝑝𝑙𝑡 − 𝐼𝑝𝑙𝑡−1 , 0)
∗
if 𝐷𝑝𝑙𝑡
> 0 then

𝐸𝑝𝑙𝑡 = 𝑀𝑎𝑥(0, 𝜔𝑝𝑙𝑡 + 𝐼𝑝𝑙𝑡 − 𝑑𝑝𝑙𝑡 )
end if
end for
end for

The cumulative inventory costs are recorded over each performance review period, before
being reset in the evaluation algorithm. On receiving the products sent from central storage, the
inventory on hand is updated by
∗
𝐼𝑝𝑙𝑡 = 𝐼𝑝𝑙𝑡−1 + 𝑄𝑝𝑙𝑡−1

∀ 𝑡 𝜖 𝑇, 𝑝 𝜖𝑃, 𝑙 𝜖 𝐿: 𝑙 > 0.

(12)

Simultaneously, the products on order is reset to facilitate the inventory review processes
in the following time periods by
∗
∗
𝑄𝑝𝑙𝑡
= 𝑄𝑝𝑙𝑡−1
− 𝑄𝑝𝑙𝑡

∀ 𝑡 𝜖 𝑇, 𝑝 𝜖𝑃, 𝑙 𝜖 𝐿: 𝑙 > 0.

(13)

At central storage, the replenishment request for products from multiple units are fulfilled in
the order being received. The level of inventory on hand for a product is updated several times if
multiple units place replenishment request. Based on the amount of inventory available (𝐼𝑝0𝑡 ) and
the quantity of replenishment request, the central storage decides the number of products to be sent
to units. If the inventory (𝐼𝑝0𝑡 ) is not sufficient to satisfy the order quantity in replenishment request
∗
from unit (𝑄𝑝𝑙𝑡
), the request is partially fulfilled. After all the requests from the units are either
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fulfilled completely or partially, the inventory review at central storage ensures that an order for
∗
products (𝑄𝑝0𝑡
) is placed to the distributor.

Like the case of units, each replenishment order placed to distributor incurs ordering cost (𝑘𝑝0 )
on the central storage. The order quantity to the distributor is determined based on the average
replenishment request from the units and their deviations. Holding product inventory in central
storage incurs a holding cost per unit (ℎ𝑝0 ). Ordering costs of the replenishment requests and
holding costs are recorded and accumulated over each performance review period, for facilitating
evaluation processes as discussed in Algorithm 3.
Algorithm 3. Algorithm for order filling and product ordering process in hospital central storage
Event 1: Receive order information from each unit
Event 2: for each product 𝑝 𝜖 𝑃
for each location 𝑙 𝜖 𝐿 with product 𝑝
∗
∗
𝑄𝑝𝑙𝑡
= 𝑀𝑖𝑛(𝐼𝑝0𝑡 , 𝑄𝑝𝑙𝑡
)
∗
𝐼𝑝0𝑡 = 𝐼𝑝0𝑡−1 − 𝑄𝑝𝑙𝑡

end for
end for
Event 3: Check inventory position for each product at central storage
for each product 𝑝 𝜖 𝑃
∗
if 𝐼𝑝0𝑡 + 𝑄𝑝0𝑡
≤ 𝑟𝑝0𝑡 then
∗
∗
𝑄𝑝0𝑡
= 𝑄𝑝0𝑡−1
+ 𝑄𝑝0𝑡

𝐶𝑝0𝑡 = 𝐶𝑝0𝑡−1 + 𝑘𝑝0
end if
end for
𝐶𝑝0𝑡 = 𝐶𝑝0𝑡−1 + ℎ𝑝0
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After the products from distributors arrive at central storage, the workers at central storage
place the products in racks. The inventory level (𝐼𝑝0𝑡 ) of the product is updated and the number of
∗
products on order (𝑄𝑝0𝑡
) are reset to zero, such that
∗
𝐼𝑝𝑙𝑡 = 𝐼𝑝𝑙𝑡−1 + 𝑄𝑝𝑙𝑡

∀ 𝑡 𝜖 𝑇, 𝑝 𝜖𝑃, 𝑙 = 0.

(14)

At unit level, an additional quantity of inventory called emergency stock is held to prevent
situations of unmet demand, which is not admissible in a hospital. At units, emergency stock is
setup to meet the demands that would have not been met, had there been a delay in processing due
to operations or the inventory policy was not efficient at that point of time. The emergency stock
(𝜔𝑝𝑙𝑡 ) for any product at any location is given by
∗
𝜔𝑝𝑙𝑡 = 𝑀𝑎𝑥(𝐷𝑝𝑙𝑡
)

∀ 𝑡 𝜖 𝑇, 𝑝 𝜖 𝑃, 𝑙 𝜖 𝐿: 𝑙 > 0.

(15)

The cumulative values of inventory costs, demands met over a performance review period
of pre-determined duration (𝑦) are used to arrive at performance measures at different levels of the
system. The system service level is defined as the ratio of total demands met to total products
demanded at the point-of-use (patients). For each performance review period, the system service
level is calculated by
𝑟𝑦
𝑠𝑦𝑠
𝛼𝑟

=

∑

𝐿

𝑃

∑∑

𝑡=(𝑟−1)𝑦 𝑙=1 𝑝=1

𝐷𝑝𝑙𝑡
𝑑𝑝𝑙𝑡

∀ 𝑟 𝜖 𝑅.

(16)

The location service level for the units is defined as the ratio of total demands met to total
products demanded in that unit. The service level for units over each review period is given by,

𝛼𝑟𝑙 =

𝑟𝑦

𝑃

∑

∑

𝑡=(𝑟−1)𝑦 𝑝=1

𝐷𝑝𝑙𝑡
𝑑𝑝𝑙𝑡

∀ 𝑙 𝜖 𝐿: 𝑙 > 0, 𝑟 𝜖 𝑅 .
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(17)

The service level for the product at unit level is defined as the ratio of demands met to total
quantity of product demanded in the unit. The service level might be affected due to the
inefficiency in the inventory policy at the unit-product level. Hence, when evaluating the product
level inventory policy, it also becomes necessary to evaluate the policy of the product in the central
storage. The service level for products is given by
𝑟
𝑝
𝛼𝑟

=

∑
𝑡=(𝑟−1)𝑦

𝐷𝑝𝑙𝑡
𝑑𝑝𝑙𝑡

∀ 𝑙 𝜖 𝐿: 𝑙 > 0, ∀ 𝑝 𝜖 𝑃, 𝑟 𝜖 𝑅.

(18)

Similarly, the cumulative inventory costs at all the levels are summed up to arrive at the
total cost over a given performance review period, such that
𝑟𝑦
𝑠𝑦𝑠
𝑇𝐶𝑟

=

𝐿

∑

𝑃

∑ ∑ 𝐶𝑝𝑙𝑡

∀ 𝑟 𝜖 𝑅.

(19)

𝑡=(𝑟−1)𝑦 𝑙=0 𝑝=1

Exponentially smoothed values of the total cost and service level are calculated using
𝑠𝑦𝑠

𝑠𝑦𝑠

smoothing factor for cost (𝜆𝑐 ) and smoothing factor for service level (𝜆𝑠𝑙 ) as given below:
𝑠𝑦𝑠

𝛿𝑟

𝑠𝑦𝑠

𝜁𝑟

𝑠𝑦𝑠

𝑠𝑦𝑠

= 𝜆𝑠𝑙 𝛼𝑟
𝑠𝑦𝑠

𝑠𝑦𝑠

= 𝜆𝑐 𝑇𝐶𝑟

𝑠𝑦𝑠

𝑠𝑦𝑠

+ (1 − 𝜆𝑠𝑙 )𝛿𝑟−1
𝑠𝑦𝑠

𝑠𝑦𝑠

+ (1 − 𝜆𝑐 )𝜁𝑟−1 .

(20)
(21)

Smoothing constants are also defined for the location level (𝜆𝑙𝑐 , 𝜆𝑙𝑐 ) and product level
𝑝

𝑝

(𝜆𝑐 , 𝜆𝑐 ) to determine the smoothed values of performance measures at respective levels, like in the
case for system. After each performance review period, the monitoring process discussed in
Algorithm 4 determines the smoothed values of performance measures for different levels and
stores them for further processing during the evaluation phase discussed in Algorithm 5.
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Algorithm 4. Algorithm for monitoring process
for each performance review period 𝑟 𝜖 R
for each location 𝑙 𝜖 L
for each product p 𝜖 P at location 𝑙
p

Calculate αr ,TCpr
p

p

Calculate δr , ζr
end for
Calculate αlr , TCrl
Calculate δlr ,ζlr
end for
sys

sys

Calculate αr , TCr
sys

sys

Calculate δr , ζr
end for

Threshold values are described for each performance measure at multiple levels. The values
are based on the performance which the hospital management may desire in terms of service level
𝑠𝑦𝑠

𝑝

and costs. The threshold levels for cost at multiple levels are represented by 𝑇𝐿𝑐 , 𝑇𝐿𝑙𝑐 𝑎𝑛𝑑 𝑇𝐿𝑐
𝑠𝑦𝑠

𝑝

and the threshold levels for service levels are represented by 𝑇𝐿𝑠𝑙 , 𝑇𝐿𝑙𝑠𝑙 𝑎𝑛𝑑 𝑇𝐿𝑠𝑙 . The algorithm
for evaluation exactly follows the evaluation hierarchy. The inventory policy at different levels are
evaluated after each performance review period and if significant deviation is found from optimal
performance measure at that point of time, they are optimized to the optimal values with current
parameters of the system.
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Algorithm 5. Algorithm for evaluation process
sys
sys
sys
if δsys
≥ TLc then
r ≤ TLsl OR ζr
for each location 𝑙 𝜖 𝐿: 𝑙 ≠ 0
for each product 𝑝 𝜖 𝑃 in location 𝑙
Optimize 𝑸𝒑𝒍𝒕 , 𝒓𝒑𝒍𝒕
end for
end for
else for each location 𝑙 𝜖 𝐿: 𝑙 ≠ 0
if δlr ≤ TLlsl OR ζlr ≥ TLlc then
for each product p 𝜖 P in location 𝑙
Optimize 𝑸𝒑𝒍𝒕 , 𝒓𝒑𝒍𝒕
end for
end if
end for
else for each location 𝑙 𝜖 𝐿: 𝑙 ≠ 0
for each product 𝑝 𝜖 𝑃 in location 𝑙
if δpr ≤ TLsl OR ζr ≥ TLc then
𝑝

𝑝

𝑝

Optimize 𝑸𝒑𝒍𝒕 , 𝒓𝒑𝒍𝒕
end if
end for
end for
end if else
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4.5. Experimentation Methodology
The capabilities and limitations of the methodology designed in section 4.3 is investigated
through an experimental performance evaluation. The goal of the experimentation is to assess the
effectiveness of the methodology in capturing evaluation points and identifying the extent of
evaluation. The experimentation also tests the robustness of the methodology when applied to
alternate system configurations. This section provides an overview of all the factors considered in
the experimental design for performance testing.
The methodology is based on hospital design, monitoring, evaluation and forecasting module.
The robustness test of the approach considers the hospital size, product demands and deviations in
demand and lead time as important factors to investigate. The effectiveness of the methodology is
based on the smoothing parameters using in the tracking chart and the smoothing parameters in
the forecasting method to capture the points of evaluation. Hence, factors in both the categories
for robustness and effectiveness are brought together to develop an experimental design.
Running the test in a physical hospital is a time-consuming process, since monitoring and
analyzing the results from the observations takes a long time. Testing of the experimental design
is done efficiently through a hospital simulation model. Simulation techniques provide an added
advantage of what-if analysis which is helpful in running different scenarios of the experimental
design. The simulation model mimics the hospital operations and monitors performance measures
such as service level and cost as shown in Figure 13. The algorithms discussed in section 4.4 are
used as a reference to build the supply chain operations like placing replenishment orders,
inventory audits, administering patient demands and replenishing the product shelves. The
smoothed values of the performance measures are compared with the thresholds to make an
optimization decision.
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Figure 13 Experimentation methodology of the adaptive framework
The simulation model structure and implementation are discussed in detail in the section
to follow. The experimental design factors are discussed in detail in section 7.2. In addition to the
experimental factors the effect of forecasting parameters, the effect of tracking chart parameters
and the effect of the hospital system configuration on the performance of the approach is discussed
in detail.
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5. Simulation Implementation
Discrete event simulation is used to model the daily operations in a hospital. The process of
patient arrival, inventory audit, administering the demands, and daily operations of replenishment
are modeled using the SIMIO simulation software, to analyze the performance of hospital supply
chain. The simulation model is built using SIMIO objects. A brief description of each SIMIO
object used in the model and their basic functionalities are provided in the table.
Table 2 List of SIMIO objects used in building the model
SIMIO
Object
Source

Vehicle

Path

Resource

Server

Transfer
Node

Sink

Description of functionality

System processes

Creates model entities that arrive to the Facilitates in modelling the patient
system.
arrival process and the inventory
audit process.
Transports the model entities between Used as a worker who carries the
two SIMIO objects.
products from central storage to
units and from the receiving docks
to central storage.
A pathway between two points in the Represents hallways within the
system on which the entities travel.
hospital system in which the worker
carries the products.
Models any type of resource that can be Used to model the nurses and
used for processing by other objects.
workers who stay within the units
and central storage executing the
inventory audit process.
Models a service process that can handle Models the various inventory
a queue.
related operations like ordering
replenishments,
refilling
the
products and inventory audit
process.
A point or a location in the system where Facilitates as a point where the
entities wait for vehicles to go to a products are transferred from one
destination.
location to another. Represents a
dock where the products are
received from the distributor or the
interface between unit and central
storage.
Destroys entities and records statistics as Used to destroy the entities after
required.
their intended use for execution of
processes have been completed.
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The model entity representing the patient is created periodically, triggered by simulation
clock and is introduced into the system through the patient arrival object for unit. The patient
demands are directed to the units using the path that connects the patient arrival source and care
unit server object. On entering the care unit server, the demand entity triggers the Algorithm 2 for
updating inventory and filling patient demands in a hospital care unit. The level of inventory for
the product in the hospital care unit is updated after filling the patient demands and the total
demand metric and demand met metric is calculated. The entity is sent to sink after execution of
the algorithm (refer to appendix).
A trigger present in the sink for unit triggers creation of an evaluation entity on each
occasion when the patient entity enters the sink. The trigger ensures synchronized processes in the
hospital (refer to Figure 6). The evaluation entity is responsible for inventory review processes in
the care units and central storage. When the evaluation entity enters the unit evaluation server, it
triggers algorithm 1 for ordering and monitoring costs in a hospital care unit (refer to appendix).
The algorithm is executed only when nurse in the care unit is available to count the number of
product available in the inventory and place a replenishment order to central storage. The time
required for inventory auditing is input as processing time attribute of the care unit server. The
nurse object is seized for the duration of the processing time and then released for taking care of
patients in the unit.
The evaluation entity then enters the central storage evaluation server and triggers
algorithm 3 to fill the replenishment requests received from the units and order products from the
distributors after inventory review (refer to appendix). The entity uses the central storage worker
object to execute the algorithm. On entering the central storage server, the review entity seizes the
central storage worker for inventory operations. The central storage worker receives the order and
decides if the central storage can fill the order. The orders that are filled, are carried to the units by
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a worker through the transfer point seen in Figure 14. After sending the products to the units, the
worker in central storage places an order to distributor if necessary. The products sent by the
distributor arrive at the dock and are picked and replenished at the central storage. The
replenishment sent from the central storage to care units are replenished on the shelves by nurses.

Figure 14 Simulation model for synchronized supply chain operations in a hospital
To ensure that the inventory review process follows a sequence, the central storage
evaluation server is placed after the unit evaluation server. This ensures that the central storage
inventory review is conducted only after orders from the care units are received. The time required
for all the processes in the unit and the central storage is specified as parameters at the respective
servers and the resource state changes from being available to busy for this period of time.
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The demand data, leadtime for preparing the delivery, ordering and holding cost of the
products at central storage and units are included in the model using data tables feature available
in SIMIO. As shown in Figure 15, unit table contains all the input data required for each product
present across all the units of a hospital. Using the unit table information, the order quantity and
reorder level for each product is calculated. The triggers setup in the simulation model read the
information from the data tables to complete the required task.

Figure 15 Parameters of each product in each unit input through unit table
The order quantity and the reorder level of each product in central storage is calculated and stored
in central storage table (Figure 16).

Figure 16 Parameters of each product in the system input through central storage table
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Unit table has a one-to-one relationship with central storage table and location table (Figure
17). Central storage table contains information of all the products present in the system, while the
location table has the information of all the units in the system.

Figure 17 Data table relationships
Apart from using data tables for input of parameters, they are used to store the performance
metrics of each unit (in location table), each product in the central storage (in central storage table)
and each product at the unit level (using the unit table) for every performance review period.
Algorithm 1 monitors the cost for products in the unit table and through the monitoring process
described in Algorithm 4, updates the performance metrics at the end of each period as shown in
Figure 18. The metrics are stored as state variables which are used in subsequent tasks.

Figure 18 Monitoring performance metric for products
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A simulation clock is set up for evaluation process which periodically triggers the algorithm 5
(refer to appendix) for evaluation of inventory decision variables. The simulation clock trigger
interval is set to length of the performance review period. The evaluation process determines the
extent of the re-evaluation required using the performance metric values stored in the data tables
and an optimization of the inventory policies and the operation decisions in the hospital is carried
out, if there are significant deviations seen from the current optimal values. The performance
metric for cost is reset to assess the performance for the following period if evaluation points are
not identified.
On identifying the evaluation points, the current system parameters for demand, inventory
policies and the extent of optimization required is exported into another stable state simulation
model. The stable state simulation model employs the sim-heuristic approach for optimization of
the inventory policies and operations (Garg & Kuhl, 2017). The optimized decision variables are
then introduced into the hospital simulation model. This process is executed iteratively over the
time horizon to identify all the evaluation points at various levels of the system. In the following
section, we illustrate the application of the methodology for a particular system configuration and
describe the process of identifying the evaluation points and the effect of evaluation points on the
system performance.
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6. Adaptive Supply Chain Example
In this section, we demonstrate the implementation of the methodology through an example.
The example discusses the application of the methodology in a hospital with system configuration
of (𝑄, 𝑟) inventory policy having 10 patient care units, 50 products in the central storage and 250
combinations of products and care units. The products are randomly distributed among the units
and the number of products used differs from one unit to another. The operations in the simulation
model are synchronized (refer to Figure 6) and the simulation model is built under assumptions
discussed in section 4.2. Table 3 provides a detailed information on the attributes of the hospital
example.
Table 3 Hospital attributes
Attributes
Number of care units
Number of products
Product unit combinations
Performance review period
Time horizon
Warm up period
System service level threshold
System cost threshold

Values
10
50
250
1 week
120 weeks
20 weeks
98%
$52,000 per week

As a first step, system parameters like product demand, delivery lead times, product ordering
cost and product holding cost at care units and central storage are input through the data table
feature in SIMIO. Some of the common parameters for each product present in any care unit is
discussed in Table 4. The order quantity, reorder level and safety stock values are determined
through established inventory method (Nahmias & Olsen, 2015) using the parameters from Table
4. The values thus derived are stored as variables in the unit table (Table 5). The unit table is
connected to the care unit server and unit evaluation server (refer to Figure 14) using the SIMIO
processes. The algorithms discussed in section 4.4 in conjunction with the SIMIO objects use the
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parameters from the unit table to arrive at the performance metrics for any given performance
review period.
Table 4 Parameters for products in all the units
Parameters

Values

Service level
Leadtime (L)
Ordering Cost (k)
Holding Cost per unit (h)
Service level threshold (TL𝑝𝑠𝑙 )
Cost threshold (TL𝑝c )
𝑝
Smoothing constant for service level (𝜆𝑠𝑙 )
𝑝
Smoothing constant for cost (𝜆𝑠𝑙 )
Penalty cost per unit

95%
Normal (10,2)
$100 per order
hours
$0.5 per month
95%
2 * Expected Cost
0.1
0.1
100

Table 5 Unit Table with decision variables
Unit
Product
Number Number
1
27
1
44
2
35
2
16
2
6
3
47
4
2
4
16
4
14

Demand
(𝝁)

Deviation
(𝝈)

Order
Quantity (𝑸)

Reorder
level (𝒓)

Safety
stock (ss)

69
97
52
47
59
18
60
48
64

3
6
4
6
3
6
4
5
3

916
1086
795
756
847
468
854
764
882

75
106
57
53
64
22
66
53
70

6
9
5
6
5
4
6
5
6

The demand information of product in units is aggregated to derive the decision variables for
the central storage using the parameters in Table 5 from equation 10 and 11. Similar to care units,
the central storage table is connected to the central storage server and central storage evaluation
server in the simulation model for facilitating the inventory ordering and inventory replenishment
processes. The order quantity and the re-order level are stored as variables in the SIMIO data
tables.
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Table 6 Parameters for product in the central storage
Parameters
Leadtime (L)
Ordering Cost (k)
Holding Cost per unit (h)
Service level threshold (TL𝑙𝑠𝑙 )
Cost threshold (TL𝑙c )
Smoothing constant for service level (𝜆𝑙𝑠𝑙 )
Smoothing constant for cost (𝜆𝑙𝑠𝑙 )

Values
Normal (51,13) hours
$200 per order
$0.4 per month
97%
1.5 * Expected Cost
0.2
0.2

Table 7 Central storage table with decision variables
Product
Number
1
2
3
4
5
6
7
8
9

Order
Quantity
3633
(Q)
3168
2287
2515
2557
3691
2651
2990
3071

Reorder
level (R)
3851
3496
2035
2404
2250
3494
2325
3002
2651

Safety
stock
2332
(SS)
2341
1433
1676
1498
1926
1517
1973
1566

Operational decisions are input as parameters after thorough analysis in the system design and
optimization phase. The operational decisions are reviewed when an evaluation is made. Inventory
level review period, number of nurse in a unit, number of workers in central storage for processing
and workers for moving the products from central storage to units are the operational parameters.
Apart from these parameters, the time required for processing the products at the dock when
products are received from the distributor (Normal (20,5) mins), time for loading and unloading
products from the cart (Normal (5,1) mins) and time for moving the products (Normal (15,3) mins)
are specified as parameters.
This research considers the study of inventory policies and operational decisions over time.
Hence, along the lines of the assumption that the demand of a product changes over time, demand
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of all the products are varied at the point-of-use through a pattern table. The pattern table includes
three types of pattern, namely; increasing (type 1), decreasing (type 2) and constant mean (type 3).
Each demand pattern type is again sub-grouped into three categories based on the duration and
weight as shown in Table 8.
Table 8 Pattern table

During the simulation start, each demand data in the unit table is associated with a pattern and
a sub-pattern. The mean demand is varied based on the weight associated with pattern for the
duration specified in the pattern table. The simulation clock keeps track of the duration and on
completion randomly assigns a demand pattern to the demand mean. The product mean demand is
updated to the new pattern type. Random assignment of the demand pattern facilitates in ensuring
that the demand for any product in the system is not biased towards a trend over the time horizon
considered in the research.
In the first phase of the research, expected costs and service level for different levels in the
system are obtained through the design and optimization module for (𝑄, 𝑟) inventory policy and
stored as variables in the unit table (Figure 19). The expected costs and service levels are stored as
reference values in the respective data table. Similarly, the inventory policy of each product at
central storage is determined and stored as variables in the central storage table.
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Figure 19 Unit table with expected values
The simulation model runs for 120 weeks and the algorithms set up for the central storage and
unit processes are executed to represent the daily operations in a hospital. The monitoring
algorithm tracks the service level and cost for products, location and system and helps in
developing a forecast. The smoothed values for the performance measures are determined and
stored as variables in the data tables for further processing during the evaluation. An evaluation
process set up in the back-end (refer to appendix) evaluates the performance measures and
determines the extent of the evaluation required.
An example of the evaluation is provided to demonstrate the methodology. The expected cost
for unit 10 is $2,450 per week as derived from the design and optimization module in the
framework. A deviation of $200 per week from mean values is considered as significant to evaluate
the unit. As the system evolves, the smoothed cost for the unit is monitored. At the end of week
23, the cost per week exceeds the threshold of $2,650 per week as seen in Figure 20. The smoothing
parameter of the tracking chart used to monitor the costs is set to 0.2. On identifying the evaluation
point, the evaluation module is employed to detect whether the deviation in the smoothed cost
from expected cost is due to the inefficiency in the inventory policies of the products in unit 10
through a stable state simulation for the mean demands of the products.
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Figure 20 Unit cost exceeding the threshold set
The outcome from the stable state simulation depicts significant deviation in the costs for unit
10. Hence, inventory policy for each product in unit 10 is optimized. Figure 21 shows the savings
in cost for the following year after optimization, had there been no deviations in the mean demand
of products in the unit. The operations decisions were also evaluated, and no changes were made.
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Figure 21 Unit 10 Evaluation
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The optimization of inventory policies and operational decisions not only results in cost
reduction, but also a increases the level of service provided to the patients in the unit as seen in
Figure 22. Hence, the location evaluation for unit 10 brings up combined benefit in terms of service
level and cost. The savings each week when compared with the system without evaluation might
vary over time, but it is the cumulative savings that makes a difference. The location evaluation
for unit 10 results in a cumulative savings of $4000 approximately after 40 weeks. The savings
cumulated from multiple location evaluations over the year will generate appreciable savings in
supply chain related costs. After the optimization of the inventory policies, the expected cost for
the unit is determined and a new threshold is set up.

Unit Service Level

1
0.999
0.998
0.997
0.996
0

10

20

30
Time (in Weeks)

With Evaluation

40

50

60

Without Evaluation

Figure 22 Increase in service level at unit 3 after evaluation

Following the implementation of optimized inventory policies in unit 10, the system continues
to evolve. Unit 3 and Unit 8 are evaluated in weeks 38 and 42. The system cost increases and the
monitoring process detects an evaluation at the system level (Figure 23), which causes the
evaluation of inventory policies of all the products in the system. Each product present in the
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system is analyzed for deviations from its optimal cost at the end of week 53. Only the products
which exceed the amount of deviation or with service levels lower than the threshold level are
considered for optimization.
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Figure 23 System evaluation
The optimization of inventory policy at the system level is a two-phase process. In the first
phase, each product in every unit is analyzed for significant deviations in cost or service levels
from its optimal values. The unit-product combination identified are then optimized to optimal
inventory policy under current system parameters. The performance of each product in the care
units is again analyzed after the completion of the first phase. If all the products have performance
measures within the threshold levels, second-phase is not executed.
In the second phase, unit-product combination with performance exceeding the threshold
levels are considered for optimization. For products with cost or service level with significant
deviations in the units, inventory policies are optimized in the central storage. The interaction
between the two echelons is analyzed to study the inefficiencies in the policies set up for the
product at central storage.
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The system evaluation with optimized inventory policies both in the unit and the central
storage reduces the system cost per week as shown in Figure 24. The difference in cost arises due
to multiple inefficiencies of products at both the unit level and the central storage level. The
threshold cost is set to a new level based on the expected cost of the system after evaluation. An
increase in the service level for the system after evaluation is evident as shown in Figure 25. The
increase in service level is due to the inventory policy more closely representing the demand in the
units at the end of week 16. The service level of the system can be increased to unity, which might
result in high weekly system costs. The system evaluation does not consider the products in unit 3
since the policies were optimized in week 14 and it is highly unlikely for the policies to become
inefficient in a period of two weeks.
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Figure 24 Optimized system cost due to system evaluation
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Figure 25 Optimized service level after system evaluation
A product evaluation is identified in week 84 of the simulation run. The evaluation is triggered
due to the product service level exceeding the threshold of 95%. A steady state simulation run with
the system parameters from week 41 confirms that the service level is below the threshold and an
optimization of the inventory policy is carried out. Similar to system level optimization, product
optimization is a two-phase process. As a first step, only the policy parameters of the product in
the care unit is optimized and its effect in other units is monitored. If the change effects the service
level of the same product in any other unit, a second optimization is carried out. In the second step,
the inventory policy of the product at the central storage is optimized. The optimization at central
storage uses the aggregate demand of the product from all the units it is present. As seen in Figure
26, the service level of the product improved close to unity after the optimization carried out with
the parameters from week 41.
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Figure 26 Product level optimization improves the service level
Hence, multiple product evaluations, location evaluations and system evaluation at various
points of time over the time horizon facilitates in maintaining the near optimal performance of the
system as shown in Figure 27 and Figure 28. With every evaluation, the system cost per week
reduce and the system service level improve. In the following sections, we discuss the
experimental design and the performance of the methodology under multiple scenarios that
consider the system configuration and factors that affect the monitoring and forecasting of
performance measures.
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Figure 27 Optimized system cost with evaluation at various levels
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Figure 28 Optimized system service level with evaluation at various levels
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7. Experimentation
In this section a discussion of the experimental setup for hospital inventory system is presented.
The system configuration represents a small or a large hospital with a central storage and difference
in number of care units. System demand, product demand, delivery leadtime and deviations are
also a part of system configuration and are used to test the robustness of the approach. Key
performance measures used for identifying and analyzing evaluation points are discussed. A
detailed discussion of all the factors for the experiment of the hospital system is presented. The
results from the experiments are analyzed and the best set of parameters for a given system
configuration is selected for identifying the evaluation points. Test for the detection of the
evaluation points, effect of tracking parameters and forecast parameters on the performance of the
method are presented in the following sections for alternate system configurations. Finally, a
detailed analysis of the results is presented, and results are summarized.
7.1. Performance Metrics
To make effective decisions, performance metrics are monitored at different levels and
analyzed for deviations from optimal values. In this research we consider service level and cost as
key performance indicators at various levels of the system to monitor and capture the evaluation
points. As already discussed in the algorithm for evaluation process, performance metrics at
various levels of the system are discussed in Table 9. When an evaluation is required, system
parameters at that point of time are considered and a decision on optimization is made based on
the outcome of the deviation from its optimal value analyzed in the steady state simulation model.
If the deviation is significant, a feedback signal is sent to the optimization module which ensures
that the inventory policies are updated.
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Table 9 Performance metrics under consideration
Overall
metric

Service
Level

Metric
notation
δsys
𝑟
δl𝑟
δp𝑟
sys

ζr
Cost

ζlr
p

ζr

Metric description
Service level for the system is the ratio of total number of demand
met to the total demand.
Service level for the location is the ratio of total number of demand
met in the unit to the total demand.
Service level for the product is the ratio of total demand met by the
product in unit to the total demand of the product.
Cost for the system is sum of inventory costs in the central storage
and unit, cost for resources in the system and emergency stock.
Cost for the location is the sum of inventory costs of the products
present in a unit, the cost for nurse in the unit who takes care of the
inventory audits and the emergency stock cost
Cost for product is the sum of inventory costs and emergency stock
costs for the product in a unit.

A threshold is set for each metric based on expected performance in the preliminary runs
in steady state. If the service level of a product falls below threshold, a two-phase process as
discussed in the example in section 6 is employed to optimize the inventory policy. The two-phase
process holds true in case of location evaluation and system evaluation. The second phase of
optimization process is not necessary, only if the first phase optimization results in an optimal
solution considering the interaction of the products present in other units and the central storage.
7.2. Experimental Factors
The factors used in the experiments are presented in this section. Factors were selected based
on different attributes of the hospital system that would have considerable effect on the
performance metrics on which the adaptable methodology is based. The attribute which would act
as a source of variation like demand of hospital over the time horizon, demand patterns, deviations
in demand and operational decisions are included to investigate the robustness of the approach.
Also, to investigate the effectiveness of the methodology, tracking parameters and forecasting
parameters are examined in the following sections of the experiment.
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7.2.1. Supply Chain Configuration
Supply chain configuration represents the type of hospital system for which the
methodology is designed and evaluated for performance. In this research, two types of hospital
systems are considered based on the size of the hospital namely Small Hospital and Large Hospital.
The difference in the attributes of the hospitals can be found in Table 10.
Table 10 Hospital attributes
Attribute
Number of products in the system
Number of units in the system
Number of product-unit combinations
Number of workers in the central storage
Number of workers to distribute the products
from central storage to the units

Small Hospital
20
3
50
1
1

Large Hospital
50
10
250
2
2

The size attribute of a hospital is defined by the number of beds available in the hospital
(Gallagher, 2018). For a small hospital with fewer than 100 beds, the product-unit combinations
is assumed to be 50. A large hospital usually has more than 500 beds and product-unit
combinations is considered to be 250 for convenience in simulation.
7.2.2. System Demand
System demand has a considerable effect on the detection of evaluation points and the
extent of evaluation. As time evolves, a hospital system with increasing demand would become
sub-optimal with inventory policies for majority of the products requiring optimization. In case of
a hospital with constant demand, the extent of evaluation required would be different. Moreover,
since the demand of the system stays constant without variations, the increase in cost to reach a
point where a system evaluation is necessary would be expected to take long time. In this research,
two system demand trends are considered over the time horizon. One system with a 10 ± 1%
increase in demand annually and the other system with a constant demand with a variation between
± 1% of the expected demand annually.
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7.2.3. Demand Deviation
Deviations in the daily demand of the products at unit is included in the demand
distribution. To study the effect of demand deviation on the detection of evaluation points, this
research considers inclusion of two categories of demand deviation namely; (1) low demand
deviation and (2) high demand deviation. In a hospital system with low demand deviation, the
standard deviation of demand distribution for each product is assumed to vary between 1 and 10.
For a hospital system with high demand deviation, the standard deviation is assumed to vary
between 10 and 20. In case of both deviations, it is ensured that there is no negative demand
generated. One would expect to see more evaluations in the system with higher deviations as it
effects the service level of products at units. Hence, safety stock plays an important part in serving
the patients.
7.2.4. Product Demand Pattern in Units
Apart from hospital demand and demand deviations, the patterns in the demand of the
product at unit level is also included in the experiment. The effects of different demand patterns
on the approach developed can be tested for different system configuration. Three patterns of
demand for products are considered and probabilities are assigned to each type so that demand for
each product in a unit varies randomly and helps in avoiding any bias towards a specific trend. The
demand pattern includes three types of pattern, namely; increasing (type 1), decreasing (type 2)
and constant mean (type 3). Each demand pattern type is again sub-grouped into three categories
based on the duration and weight of the trend. Each sub-category is assigned probabilities during
the model run to vary the demand for products at unit.
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7.2.5. Tracking Parameters
Tracking parameters are the smoothing constants used in the tracking chart for the
monitoring system developed. Tracking parameters define the amount of noise to be considered in
the performance measures being monitored to avoid fluctuations that are not relevant for
evaluation. The tracking parameters for different levels in the experimentation phase are set to be
equal to analyze the effects on the evaluation points. After the experiments, the best combination
of tracking parameters for different levels of the system are used to identify the evaluation points
for a given system configuration. As discussed earlier, the tracking parameter values between 0.1
and 0.4 perform well in practice. Hence, in the experimentation phase, values from 0.1 up to 0.4
in steps of 0.05 are used to analyze the performance of the monitoring approach. The effects of
tracking parameters on the performance of monitoring approach and detection of evaluation points
are discussed in the section 7.3.
7.2.6. Forecasting Parameters
The forecasting parameters for level and trend in Holt’s method play an important role in
accuracy of the predictions. In this research, the cost from different levels of the system are used
to predict the evaluation points ahead of time. Analyzing inventory policies requires time and
effort. The forecast from the cost measure provides the hospital management enough time to do
analysis of inventory policies and plan for any changes other than optimization in the system.
Based on the prediction of evaluation points, the management can decide whether an optimization
is required soon or wait for the performance measure to cross the threshold. In the experiments,
the level and trend parameters are varied between 0.1 up to 1 in steps of 0.1 to identify the best
combination of parameters that provides an accurate prediction of evaluation points.
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7.2.7. Operational Decisions
Preliminary runs are conducted to estimate operational decisions like inventory review
period for both units and central storage, performance review period, number of workers in the
system for moving products, nurse in each unit and number of workers in the central storage for
inventory audit and receiving from distributors for both system configurations. The combination
that gives an optimal system design is selected for experimentation. A brief overview of all the
factors being considered in the experiment for the performance evaluation is discussed in Table
11.
Table 11 Experimental factors
Attributes

Factors
Small

Hospital Size
Large
Hospital
Demand

Increasing
Constant
Increasing demand

Description
A hospital with 20 products, 3 care units and 50
unit-product combinations.
A hospital with 50 products, 10 care units and 250
unit-product combinations.
Hospital demand increases by 10 ± 1% annually
Hospital demand remains constant with variation
of ± 1% of the expected demand.
Mean of the demand increasing with variations
according to the pattern table
Mean of the demand decreasing with variations
according to the pattern table.

Demand Pattern
Decreasing demand
(Pattern Table)
Variable demand with
Change in mean demand is set to 0
constant mean.
Demand deviation for products varies between 10
High
and 20
Demand
Deviations
Demand deviation for products varies between 1
Low
and 10
Forecasting

Forecasting parameters

Best combination of α and β to provide good
provide good predictions on expected evaluation
points.

Tracking Charts

Smoothing parameters

Exponential weighted smoothing parameter α,
that provides the best evaluation point
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7.3. Test for Detection and Analysis of Evaluation Points
The tracking statistic plays an important role in detection of evaluation points and making
decision on the extent of optimization required. On detection of an evaluation, the system
parameters at that point are considered and performance measures are evaluated under steady
state. If the steady state performance measure exceeds the threshold, a decision is made to
optimize the inventory policies and update the operational decisions. In this section, detection of
evaluation points and the decision made for both system configurations are discussed in detail for
different set of factors as discussed in the Table 11.
In the experiments, the performance review period is set to 1 week. The thresholds for
different levels and performance measures are determined using the product of expected values
and a multiplier provided in Table 12.
Table 12 Multipliers to determine the threshold
Measure
System cost threshold
Unit cost threshold
Product cost threshold

Multiplier
1.06
1.1
1.5

Irrespective of the system configuration, the service level threshold for system is set at
98%. The service level threshold at location level and product level are set to 97% and 95%
respectively.
7.3.1. Large Hospital System
A description of large hospital system is provided in section 7.2.1. The expected values for
performance measures are determined in initial set of runs in the steady state for optimal system
design. As an example, the expected system cost in the steady state run was found to be $49,000
per week. Hence, the system threshold cost for the experiment was set to $52,000 per week.
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Similarly, the thresholds were set at location level and product level using the multipliers reported
in Table 12 and the expected values.
With the thresholds set for each level in the system, as time evolves the cost metric at all the
levels are forecasted to predict any evaluation points. A 12-week forecast is used to assess the
effectiveness of the forecasting methodology for a given value of tracking parameter (𝜆). As
already discussed in the section 4.3.2.2, Holt’s linear trend forecasting method is used to predict
the evaluation point using the historical cost data at all the levels of the system. Usually, the
forecasting model performance is measured by Mean Absolute Prediction Error (MAPE).
However, in this experiment, focus is more towards identifying the point at which an evaluation
will be detected, i.e. the point at which the forecast has exceeded the threshold. To assess the
robustness of the forecasting technique, the evaluation points are predicted across 10 replications
and the average values of the MAPE are reported.
As an illustration, the performance of the forecasting methodology for large system with
annual increasing demand and with high deviation in product demands with tracking parameter set
to 0.2 is discussed in this section. The methodology can be applied to other system configurations
similarly. The threshold cost for unit 10 is set at $2,650 per week and the week in which the
forecast exceeds the threshold is deemed the predicted evaluation point. Since the system cost in
steady state was $2,450 per week, data points after the system cost at this level is considered as
input for the forecasting model.
In the initial run, forecast from week 9 to week 20 is generated using the data points from week
1 to week 8. An experiment is conducted to identify the best set of smoothing parameters for level
(α) and trend (β) that accurately fits the input data points to predict the 12 weeks ahead unit cost.
The smoothing parameters for level (α) and trend (β) are varied between 0.1 and 1 in steps of 0.1
to identify the optimal combination that gives accurate forecast. The smoothing parameters were
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identified as 0.5 and 0.5 respectively and the forecast generated from these parameters is shown in
Figure 29

Figure 29 Forecast for week 9 to week 20
The area around the forecast marked in red and blue represent the 90% and 95% prediction
intervals of the forecast. The forecast uses the trend present in the cost data, and as expected has
an increasing trend. The prediction interval width of the forecast represents the magnitude of
variation in the historical data. The MAPE of the forecast was found to be 0.83% in this replication
of the experimental run. The interpretation of the confidence intervals is that one can expect a unit
evaluation as early as week 11.
Another 12 weeks ahead forecast is generated in week 14 using smoothing parameters of 0.1
and 0.1 for level and trend respectively as shown in Figure 30. The MAPE of the forecast was
determined to be 0.89%. Week 24 is determined to be the expected evaluation point since the
forecast exceeds the threshold cost. The prediction intervals are now narrower indicating low
variations in the historical data. The forecasting model performs reasonably well, with all the
actual unit cost values falling in 90% prediction interval as shown in Figure 31. However, the
actual evaluation point was unit 10 is reported to be in week 23.
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Figure 30 Forecast for week 14 to week 25

Figure 31 Actual unit evaluation point in week 23

The system cost is also forecasted simultaneously to determine the system evaluation point.
The forecast generated in week 21 expects an evaluation point as early as week 29 as shown in
Figure 32. The smoothing parameters for level and trend are determined to be 0.1 and 0.1
respectively. The forecast does not predict any evaluation points in the 12-week period.
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Figure 32 System cost forecast from week 21 to week 32
Another forecast is generated in week 31 using smoothing parameters of 0.65 and 0.1 for level
and trend respectively as shown in Figure 33. The MAPE of the forecast was determined to be
0.38%. The hospital could expect an evaluation point at the system level as early as week 39. The
forecast is now closer to the threshold set and one could expect evaluation point in the vicinity.

Figure 33 System cost forecast from week 31 to week 42
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A forecast for week 42 to week 53 establishes an evaluation point in week 52 with level and
trend paramters at 0.65 and 0.1 respectively as shown in Figure 34. The MAPE of the forecast is
reported at 0.98%. All the actual data points fall in the region of the 90% confidence interval as
shown in Figure 35. Overall, as the system evolves the forecast improves with more information
from the historical data points from which the method learns and predicts the future values.

Figure 34 System cost forecast for week 42 to week 53

Figure 35 Actual evaluation point in week 53
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The Holt’s method can be applied to location and product level in a similar way using rolling
horizon forecasting approach to detect evaluation points. However, the performance of the forecast
reduces with increase in the tracking parameter (λ) since higher values allow high variations in the
cost parameter. The forecast serves as an indicator for potential evaluation points so that any
analysis for setting the new inventory policies, any changes required for storage of products or any
operational decisions can be planned. The forecast generated could be used to generate some useful
insights that proves to be helpful in mitigating risks and managing product demands. The forecasts
for predicting the evaluation points in unit 4 and unit 8 is provided in section A.1.
An experiment is conducted to determine the optimal combination of tracking parameters
(λ) with respect to all the system levels. The combination that accurately identifies the evaluation
points is established as the optimal combination. The parameter set up at the respective level is
accurate if the mean value of the metric has exceeded the threshold. Hence, after detecting every
evaluation point, a verification is conducted through a stable state simulation to check the accuracy
of the results. The accuracy of detecting evaluation points with respect to each tracking parameter

Percent Successful Detection

is shown in Figure 36.
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Figure 36 Success rate in detection of evaluation points for different tracking parameters
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The verification of evaluation points is conducted through a stable state simulation run. The
system parameters at the point of detection is used as input to a simulation with hospital operations
same as that of the monitoring model but without any trends in the product demand. The results
from the stable state simulation is analyzed and optimization of the inventory policies is triggered
to the required extent if the metric is reported to be above the threshold values.
The accuracy of the tracking parameter decreases with increase in their values. A root cause
analysis was conducted to establish reduction in accuracy. At the product level, the service level
is highly dependent on the availability of product in the central storage. The product availability
is affected when all the units order the product at the same time causing a lumpiness in the demand.
Hence, at higher values of the tracking parameter, the product service level falls immediately and
the verification run establishes the metric to be within the thresholds causing a reduction in the
accuracy. In such a scenario, no action is taken to optimize the product, however the tracking
statistic for service level is set to expected service level from the verification simulation run. Other
causes for sudden fall in service level include delay in the delivery of product to the central storage
from the distributor and an unusual high demand for product in the care units.
Hence, for all the experiments related to large hospital system, the tracking parameters for
product level is limited to 0.15. Similarly, in the case of location, the tracking parameter is limited
to 0.2. The evaluation points for the system with tracking parameter 0.1, 0.15 and 0.2 is provided
in the appendix section A.1. The system level tracking parameters are varied between 0.1 and 0.3.
For a large system with increasing trend in demand, the optimal combination of the tracking
parameters that gives the highest reduction in cost per week and accurately detects the evaluation
points are reported in the Table 13. The evaluation points detected are shown in Figure 37 and
Figure 38.
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Table 13 Tracking parameters for different levels of the system with high demand deviation
System level
System service level
System cost
Location service level
Location cost
Product service level
Product cost

Values
0.3
0.3
0.2
0.15
0.15
0.15

At higher levels of the system, high values of tracking parameters successfully detect the
evaluation points as the performance metrics being monitored have low variability due to the
aggregation from lower levels. The tracking parameter for the product level is the lowest at 0.15
since the service level is responsive to multiple factors.
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Figure 37 Evaluation points at different levels of the system with high demand deviation
Figure 37 provides a comparison of the methodology with a hospital having the system
evaluated every quarter and with a hospital system without any evaluation. The system evaluation
in week 53 results in a cost reduction of the order of $2,000 per week. In the system with quarterly
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evaluation, the evaluation in week 12 and week 24 results in cost reduction. The system has not
changed significantly enough to realize the cost reduction. The quarterly evaluation policy
maintains high system service level with series of small changes in inventory policies of 212, 189,
196, 190, 184 and 180 products in care units each quarter as shown in Figure 38. However, if a
product or a location performs poorly, there is no mechanism to address the situation in a system
with quarterly evaluation. On the other hand, the adaptable methodology results in only one system
evaluation in week 53 with major changes in the inventory policies of 217 products in the care
units and three location evaluations with 23 (Unit 10), 21(Unit 4) and 19 (Unit 8) product policies
being changed in weeks 23, 38 and 42. The effort involved is thus reduced when compared to the
system evaluation every quarter.
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Figure 38 Effect of evaluation on system service level with high deviation in demand
To ensure the robustness of the approach, 10 replications of the same experiment were
performed, and the results are shared in the section 0.1. The evaluation points occur around the
same periods of time as seen in Figure 37. The forecast performance of evaluation detection across
10 replications are reported in Table 14.
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Table 14 Forecast parameters for large hospital with high deviations in demand
Evaluation
Type
Unit 10
Unit 4
Unit 8
System

Level
Parameter (𝜶)
0.1
0.2
0.2
0.65

Trend
Parameter (𝜷)
0.1
0.1
0.1
0.1

Average MAPE
(in percent)
0.96
0.67
0.72
1.34

The success rate of evaluation points detected by different values of tracking parameters (𝜆)
for a large hospital system with increasing trend in system demand and low deviation in product
demands is shown in Figure 39. Similar to the previous system configuration, the tracking
parameter values from 0.2 and higher effects the detection of evaluation points. Hence, the tracking
parameters for location cost and product service levels are set to 0.15. The cost of each unit and
service level of product in units are very sensitive to the variations in demand. The cost of a care
unit generates a spike above the cost threshold if the variations in demand requires the unit to place
additional orders in the performance review period. The additional orders placed increase the
ordering cost of the unit and hence triggers detection of an evaluation point. Setting the tracking
parameter for unit cost at 0.15 or less helps in avoiding the spikes which would have triggered an
evaluation that does not require any action. The optimal combination of tracking parameters for
large system with low demand deviation and an annual trend of 10 ± 1% increase in demand is
given in Table 15.
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Figure 39 Success rate for system with increasing demand and low deviation in demand

Table 15 Tracking parameters for different levels of the system with low demand deviation
System level
System service level
System cost
Location service level
Location cost
Product service level
Product cost

Values
0.3
0.3
0.2
0.15
0.15
0.2

As time evolves with trend in demand, the increase in location cost metric results in
evaluation of unit 4 and unit 9 in weeks 24 and 34 respectively. Like in the previous scenario, a
system evaluation in week 96, reduces the cost by $2,000 per week approximately as shown in
Figure 40. The forecasting parameters to detect the evaluation points using the cost metric and
their performance across 10 replications are reported in Table 16 and section A.2.
Table 16 Forecast parameters for large hospital with low deviations in demand
Evaluation
Type
Unit 4
Unit 9
System

Level
Parameter (𝜶)
0.1
0.1
0.3

Trend
Parameter (𝜷)
0.1
0.1
0.1
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Average MAPE
(in percent)
0.53
0.86
2.81
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Figure 40 Evaluation points at different levels of the system with low demand deviation
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Figure 41 Effect of evaluation on system service level with low deviation in demand
Since the deviations in demand is very low, the system evaluation point is detected very late.
The dynamics of the system is such that the policies of the product in the locations evaluated had
to be optimized and the expected cost after evaluation was same as the threshold cost. This is due
to increase in demand for all the products in the unit. The evaluation of units caused increase in
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the service level with cost remaining at the same level. The increase in service level can be seen
immediately after the unit optimization in Figure 41. The system with evaluation every quarter has
the system costs similar and better service level when compared to adaptive approach. However,
maintaining high service level requires analyzing inventory policies of all the products in the
system.
For a large system with a constant demand, irrespective of deviations in demand of
products, the approach helps in maintaining the service level of the system. This is partly due to
the reason that most of the evaluations detected over the time horizon are product level
optimizations which don’t have much effect on the system cost but helps in maintaining the system
service level. As the time progresses, the system cost remains at the expected levels without any
increase and hence no system level evaluations. The success rate for both scenarios are shown in
Figure 42 and Figure 45. The optimal combination of tracking parameters for different levels are
selected based on the success rate reported in Table 17. The system cost due to evaluation remains
at the expected level as shown in Figure 43 and Figure 46. The increase in system service level
can be seen in Figure 44 and Figure 47. A system wide evaluation every quarter helps in
maintaining the service level with small changes in the inventory policies of products at the end
of each quarter. For hospital configuration with high deviations in demand, inventory policies of
186, 203, 193, 218, 178, 198 and 209 products were optimized at the end of each quarter as
compared to 13 evaluations over the time horizon from the adaptive methodology. For hospital
configuration with low deviations in demand, inventory policies of 53, 68, 41, 33, 28, 50 and 31
products were optimized at the end of each quarter as compared to 21 evaluations over the time
horizon from the adaptive methodology. The system cost with quarterly system evaluation is
similar to adaptive approach, however considerable effort is involved in analyzing the inventory
policies of all the products in the system.
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Figure 42 Success rate for system with steady demand and high deviation

Table 17 Tracking parameters for different levels of the system with high demand deviation
System level
System service level
System cost
Location service level
Location cost
Product service level
Product cost

Values
0.3
0.3
0.2
0.2
0.15
0.2
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Figure 43 Evaluation points at different levels of system with high demand deviation
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Figure 44 Effect of evaluation on system service level with high deviation in demand
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Figure 45 Success rate for system with steady demand and low deviation
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Figure 46 Evaluation points at different levels of system with low demand deviation
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Figure 47 Effect of evaluation on system service level with low deviation in demand
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7.3.2. Small Hospital System
A description of small hospital system is provided in the section 7.2.1. The procedure
followed in identifying the evaluation points and deciding on the optimization is same as in the
case of large hospital. The expected values for performance measures are determined in the initial
set of runs. The expected system cost in the steady state run was found to be $11,200 per week.
Hence, the system threshold cost for the experiment was set to $12,300. Similarly, the thresholds
were set at location level and product level using the multipliers discussed in Table 12 and the
expected values found from the steady state run.
The success rate of identifying the evaluation points for a system with increasing demand
of 10 ± 1% annually is shown in Figure 48. The optimal combination of tracking parameters is
provided in the Table 18.
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Figure 48 Success rate for system with increasing demand and high deviation

79

Table 18 Tracking parameters for different levels of the system with high demand deviation
System level
System service level
System cost
Location service level
Location cost
Product service level
Product cost

Values
0.3
0.3
0.2
0.15
0.15
0.2

In a small hospital system, since the number of units and products are low, a unit evaluation
has a large effect at the system level. In case of the scenario with high deviations in product
demand, location evaluation causes the system cost to reduce with better service levels. However,
the magnitude of reduction in the cost is low since the mean demand for majority of the products
in the unit has increased. As shown in Figure 49, the unit evaluations in week 3 and week 22 results
in an increased system cost as time progresses to keep up with the demand. A system evaluation
in week 31, optimizes all the products based on the system parameters at that point of time. For
the following periods of time, system service level improves as shown in Figure 50 with reduced
system costs.
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Figure 49 Evaluation points at different levels of system with high demand deviation
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Figure 50 Effect of evaluation on system service level with high deviation in demand

81

100

The success rate of evaluation points detected by different values of tracking parameters
(𝜆) for system with increasing demand and low deviation in product demands is shown in Figure
51. The optimal combination of tracking parameters is reported in Table 19.
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Figure 51 Success rate for system with increasing demand and low deviation

Table 19 Tracking parameters for different levels of the system with low demand deviation
System level
System service level
System cost
Location service level
Location cost
Product service level
Product cost

Values
0.3
0.3
0.2
0.2
0.2
0.2

An increase in the system cost can been in Figure 52 due to the location evaluation in week 2.
The system evaluation in week 4 results in a cost reduction of $800 per week approximately which
stays the same over the time horizon. The system service level drops over the time horizon due to
increase in the demand as seen in Figure 53.
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Figure 52 Evaluation points at different levels of system with low demand deviation
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Figure 53 Effect of evaluation on system service level with low deviation in demand
Experimentations were also conducted on small hospital system with constant demand.
However, the deviation in the performance indicators were negligible to capture any evaluation
points. Table 20 and Table 21 provides a summary of the optimal combination of tracking
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parameters for large and small hospital system configuration.
Table 20 Optimal combination of tracking parameters for large hospital configuration

Performance
metric

System
service
level

System
cost

Location
service
level

Location
cost

Product
service
level

Product
cost

Increasing Trend, High
demand deviation

0.3

0.3

0.2

0.15

0.15

0.15

Increasing Trend, Low
demand deviation

0.3

0.3

0.2

0.15

0.15

0.2

Constant Trend, High
demand deviation

0.3

0.3

0.2

0.2

0.15

0.2

Constant Trend, Low
demand deviation

0.3

0.3

0.2

0.2

0.2

0.2

System
configuration

Table 21 Optimal combination of tracking parameters for small hospital configuration

Performance
metric

System
service
level

System
cost

Location
service
level

Location
cost

Product
service
level

Product
cost

Increasing Trend, High
demand deviation

0.3

0.3

0.2

0.15

0.15

0.2

Increasing Trend, Low
demand deviation

0.3

0.3

0.2

0.2

0.2

0.2

Constant Trend, High
demand deviation

0.3

0.3

0.2

0.2

0.2

0.2

Constant Trend, Low
demand deviation

0.3

0.3

0.2

0.2

0.2

0.2

System
configuration
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7.4. Discussion
In this section we discuss the capabilities and limitations of the proposed methodology for
tracking and optimization of inventory policies and operations. Insights gained from the
experiments based on various system configurations is presented.
For a large hospital system, the results from the experiment establish significant savings in cost
after re-evaluation. The savings in cost arises due to sub-optimal inventory policies of products.
The evaluation triggered by the cost statistic at the system and the location level results in an
improved performance at a reduced cost. The savings thus obtained in supply chain cost over the
time horizon when accumulated is significant. Since the system service level increases with every
evaluation triggered by the cost statistic and the evaluations at the product level, the probability of
system evaluation due to the service level is very minimal.
When the mean system demand is constant, the system cost continues to vary along the
expected cost value. However, due to the dynamics at the product level, the service level of the
system decreases with inefficient inventory policies. The service level threshold set up at the
system level, helps in maintaining system performance in such a scenario. The evaluation heuristic
identifies the extent of evaluation required to the product level and saves the time and effort
required to maintain the system performance.
In a small hospital system, since the number of products is low, the system dynamics effects
all the products. As discussed in the experiments, for a system with deviations in demand, there is
not much of a difference in the cost after evaluation. However, one can see an increase in the
service level, i.e. the research methodology improves the performance of the system keeping the
system cost at the same level.
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The quarterly evaluation of the system across all the configurations helps in maintaining high
service level throughout the time horizon. However, this requires maintaining additional levels of
inventory which increases the cost of the system. The quarterly evaluation makes a series of very
small adjustments to the order quantities and reorder levels of majority of products across the
system. This would require making changes in the storage areas, communicating the changes to
distributors and changes in the operations as well. Further, the effort involved in analyzing the
system when significant changes occur in the performance outweighs the effort involved in
evaluating every quarter.
At the system and location level, the evaluations are often triggered by the cost statistic. The
tracking chart method that uses the exponential smoothing technique in detecting evaluations for
is always successful at the location and the system level. However, at the product level, since the
service level is very sensitive to factors like product availability at the central storage or any delays
in the delivery, even when the inventory policies are optimal, an evaluation is triggered. This is
overcome by the stable state simulation that ensures whether the policy is sub-optimal at the
product level or not.
The optimal combinations of tracking parameters reported in Table 20 and
Table 21 are very consistent. For the systems tested, the tracking parameters vary between 0.15
and 0.2 at the location and the product level and is at 0.3 for the system level. When the
methodology is applied in a hospital system, one could expect the parameters to be around the
same values. The forecasting technique used to predict the evaluation points using the cost metric
is consistent across the replication with low average MAPE values. However, with increase in
variation of the cost metric, the performance becomes poor. Exploring other forecasting techniques
would be worthwhile to accommodate the variations in the cost metric.
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8. Conclusion and Future Work
The evaluation hierarchy provides an intuitive way to understand the identification of extent
of evaluation for both the system configurations. To save cost, time and effort involved, the
heuristic identifies evaluation points and triggers the re-evaluation process only to the required
extent. For every performance review, all the levels are monitored in the order set up in the
evaluation heuristic. The order is set in such a way that, the system evaluation is delayed as much
as possible by identifying evaluations at lower levels for a location or a product. When compared
to a system with evaluation every quarter, the methodology identifies inefficiencies in inventory
policies at the point when an evaluation is required and maintains the performance of every product
throughout the time horizon.
The research methodology also includes a forecasting module that predicts the evaluation point
using the cost statistic. The prediction interval of the forecast provides insights on when to expect
an evaluation point. The 12 weeks ahead forecast gives time to analyze and evaluate the inventory
policies to optimal level. However, the changes in the inventory policies are made only after the
actual statistic exceeds the threshold. The variations in the statistic used to predict the evaluation
points effects the accuracy of the forecast. Increase in tracking parameter value for monitoring,
increases the variability in the cost statistic. Hence at higher values of tracking parameter, the
prediction accuracy is low.
Overall, the research methodology detects the points for evaluation and the extent required
when significant deviations are observed from optimal values caused by the dynamics of the
system. The approach is robust to changes in system configurations and the tracking chart and
forecasting methods are effective at a given level of variation in the data. The control chart like
method effectively monitors the service level and cost to trigger an evaluation. The exponential
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smoothing method ensures that sudden sharp drops in the service level or sudden sharp increase in
the cost does not cause an evaluation.
The research methodology provides an integrated approach for monitoring the performance
and optimizing the inventory policies under dynamic conditions of the hospital to keep the costs
low while maintaining the service level as demonstrated by the results from experiments. Testing
the methodology in an actual hospital supply chain system will provide valuable information on
implementation challenges. For e.g. demand distribution of the products might be different from
normal. The operations model of the hospital may be not like the one considered in the research
methodology.
The research methodology developed has several areas for future work. The research
methodology does not consider the space availability for storage of products. Analyzing the size
and shape of products for storage will require adaptations from the research method. Further
adaptations are possible if the perishability of the products is considered.
There are advanced forecasting or machine learning techniques that could be used to detect
evaluation points ahead of time with better accuracy. When several evaluations and a system
evaluation is a week or two apart, it would be worthwhile optimizing them together at the same
time. The implications would be worth analyzing to improve the savings.
The smoothing technique used to monitor the service level at product level is vulnerable to the
operations and activities at central storage. Employing a different technique to address the issue
would enhance the success rate in identifying the evaluation points. At the same time adapting the
research method to a different inventory configuration such as kanban and/or par-level could be
investigated.
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Appendix
The appendix includes additional information that supports the algorithms discussed in
section 6 and decision taken in sections 7.3.
Product ordering and inventory costs: The SIMIO process for Algorithm 1 is as shown in Figure
A 1. The details of the algorithm built into the process is discussed.
Search: Create a search token for each unit-product combination in the unit table if the inventory
position is less than the re-order level, such that
∗
𝐼𝑝𝑙𝑡 + 𝑄𝑝𝑙𝑡
≤ 𝑟𝑝𝑙𝑡 .

Assign: Place order at central storage for the tokens generated, and assign
∗
∗
𝑄𝑝𝑙𝑡
= 𝑄𝑝𝑙𝑡−1
+ 𝑄𝑝𝑙𝑡 .

Ordering cost: Make increments to the ordering cost after placing an order at the central storage,
and make assignment
𝐶𝑝𝑙𝑡 = 𝐶𝑝𝑙𝑡−1 + 𝑘𝑝𝑙 .
Search: Create a search token for each unit-product combination in the unit table.
Assign: Make increments to the holding cost for each search token.
Assign: Assign total cost for each search token to sum of holding cost and ordering cost, such
that
𝐶𝑝𝑙𝑡 = 𝐶𝑝𝑙𝑡−1 + ℎ𝑝𝑙 .

Figure A 1 Ordering products at care unit and monitoring costs
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Administering patient demands and updating inventory: Updating the inventory levels of the
products after meeting the patient demands in the care units.
Search: Create a search token for each unit-product combination in the unit table.
Assign: Generate patient demand for each unit-product combination using the demand distribution
specified in the unit table.
Assign: Update the inventory levels after meeting the demands in the care units and assign
𝐼𝑝𝑙𝑡 = 𝑀𝑎𝑥(𝐼𝑝𝑙𝑡−1 − 𝑑𝑝𝑙𝑡 , 0).
Assign: Record the total demand and demand met metric, such that
𝐷𝑝𝑙𝑡 = 𝑀𝑖𝑛(𝐼𝑝𝑙𝑡−1 , 𝑑𝑝𝑙𝑡 )
= 𝑀𝑎𝑥(𝑑𝑝𝑙𝑡 − 𝐼𝑝𝑙𝑡−1 , 0).

∗
𝐷𝑝𝑙𝑡

Search: Generate search token for each product in the unit table.
Assign: Record total system demand met and total system demand metric.

Figure A 2 Administering patient demands and updating inventory
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Filling the replenishment requests and placing orders: The central storage fills the replenishment
requests from the care units and places orders to the distributors

Figure A 3 Order fulfilling and inventory costs at central storage
Search: Create a search token for each product in the central storage.
Assign: Update the central storage inventory after filling the orders received from the care units
ans assign
∗
∗
𝑄𝑝𝑙𝑡
= 𝑀𝑖𝑛(𝐼𝑝0𝑡−1 , 𝑄𝑝𝑙𝑡
)
∗
𝐼𝑝0𝑡 = 𝐼𝑝0𝑡−1 − 𝑄𝑝𝑙𝑡
.

Search: Create a search token for units in the system with products on order.
Delay: Model the processing time required at the central storage using the delay step.
Create: Create the replenishment entity to be sent to care units.
Transfer: Move the entity created to be sent to care units to the transfer point.
Search: Create a search token for each product in the central storage if the inventory position is
less than the re-order level, such that
∗
𝐼𝑝0𝑡−1 + 𝑄𝑝0𝑡
≤ 𝑟𝑝0𝑡
∗
∗
𝑄𝑝0𝑡
= 𝑄𝑝0𝑡−1
+ 𝑄𝑝0𝑡 .

94

Hierarchical evaluation process: The evaluation process is employed to identify the extent of
evaluation required. At the highest level (in light pink boxes), the performance indicators are
evaluated for a system level optimization. If the system level performance indicators are efficient,
the location indicators are investigated (in dark pink boxes). Finally, the products performance
metrics are examined to decide on the product evaluation (in green boxes). On identifying the
evaluation extent all the current system parameters are considered for optimization (in orange
boxes).

Figure A 4 Evaluation process with heuristics to identify evaluation extent
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A.1. Large Hospital System with High Deviation and Increasing Demand
The results from replications for system cost and service level for a large hospital system with
increasing system demand and high variation in the product for alternate tracking chart parameters
(𝜆) is provided in this section from Figure A 5 to Figure A 24.
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Figure A 5 System cost from replication 2 with tracking parameter 0.3
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Figure A 6 System service level from replication 2 with tracking parameter 0.3
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Figure A 7 System cost from replication 3 with tracking parameter 0.3
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Figure A 8 System service level from replication 3 with tracking parameter 0.3
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Figure A 9 System cost from replication 4 with tracking parameter 0.3
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Figure A 10 System service level from replication 4 with tracking parameter 0.3
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Figure A 11 System cost from replication 5 with tracking parameter 0.3
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Figure A 12 System service level from replication 5 with tracking parameter 0.3
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Figure A 13 System cost from replication 6 with tracking parameter 0.3
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Figure A 14 System service level from replication 6 with tracking parameter 0.3
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Figure A 15 System cost from replication 7 with tracking parameter 0.3
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Figure A 16 System service level from replication 7 with tracking parameter 0.3
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Figure A 17 System cost from replication 8 with tracking parameter 0.3
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Figure A 18 System service level from replication 8 with tracking parameter 0.3
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Figure A 19 System cost from replication 9 with tracking parameter 0.3
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Figure A 20 System service level from replication 9 with tracking parameter 0.3
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Figure A 21 System cost from replication 10 with tracking parameter 0.3
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Figure A 22 System service level from replication 10 with tracking parameter 0.3
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Figure A 23 Forecast for Unit 4 with parameters 0.3 and 0.1 and MAPE 0.67%

Figure A 24 Forecast for Unit 8 with parameters 0.45 and 0.1 and MAPE 0.72%
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A.2. Large Hospital System with Low Deviation and Increasing Demand
The results for the forecasts of system and location costs a large hospital system with increasing
system demand and low deviation in the product demand is provided in this section from Figure
A 25 to Figure A 27.

Figure A 25 Forecast for Unit 4 with parameters 0.1 and 0.1 and MAPE 0.53%

Figure A 26 Forecast for Unit 9 with parameters 0.4 and 0.1 and MAPE 0.86%
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Figure A 27 Forecast for Unit 9 with parameters 0.3 and 0.1 and MAPE 2.81%
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A.3. Large Hospital System with High Deviation and Constant Demand
The system cost and service level for a large hospital system with constant system demand and
high variations in the product demand for alternate tracking chart parameters (𝜆) is provided in
this section from Figure A 28 to Figure A 33.
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Figure A 28 System cost with tracking parameter 0.1
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Figure A 29 System service level with tracking parameter 0.1
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Figure A 30 System cost with tracking parameter 0.15

System Service Level

1
0.998
0.996
0.994
0.992
0.99
0

20

40
60
Time (in weeks)

With Evaluation

Without Evaluation

Figure A 31 System service level with tracking parameter 0.15
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Figure A 32 System cost with tracking parameter 0.2
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Figure A 33 System service level with tracking parameter 0.2
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A.4. Large Hospital System with Low Deviation and Constant Demand
The system cost and service level for a large hospital system with constant system demand and
low variations in the product demand for alternate tracking chart parameters (𝜆) is provided in this
section from Figure A 34 to Figure A 39.
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Figure A 34 System cost with tracking parameter 0.1
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Figure A 35 System service level with tracking parameter 0.1
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Figure A 36 System cost with tracking parameter 0.15
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Figure A 37 System service level with tracking parameter 0.15
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Figure A 38 System cost with tracking parameter 0.2
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Figure A 39 System service level with tracking parameter 0.2
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